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Summary
In the recent years, a rapidly increasing amount of experimental data has been generated
by high-throughput technologies. Despite of these large quantities of protein-related
data and the development of computational prediction methods, the function of many
proteins is still unknown. In the human proteome, at least 20% of the annotated
proteins are not characterized. Thus, the question, how to predict protein function
from its amino acid sequence, remains to be answered for many proteins.
Classical bioinformatics approaches for function prediction are based on inferring
function from well-characterized homologs, which are identiﬁed based on sequence sim-
ilarity. However, these methods fail to identify distant homologs with low sequence
similarity. As protein structure is more conserved than sequence in protein families,
structure-based methods (e.g. fold recognition) may recognize possible structural sim-
ilarities even at low sequence similarity and therefore provide information for function
inference. These fold recognition methods have already been proven to be successful
for individual proteins, but their automation for high-throughput application is diﬃcult
due to intrinsic challenges of these techniques, mainly caused by a high false positive
rate. Automated identiﬁcation of remote homologs based on fold recognition methods
would allow a signiﬁcant improvement in functional annotation of proteins.
My approach was to combine structure-based computational prediction methods
with experimental data from genome-wide RNAi screens to support the establishment of
functional hypotheses by improving the analysis of protein structure prediction results.
In the ﬁrst part of my thesis, I characterized proteins from the Ska complex by
computational methods. I showed the beneﬁt of including experimental information to
identify remote homologs: Integration of functional data helped to reduce the number
of false positives in fold recognition results and made it possible to establish interesting
functional hypotheses based on high conﬁdence structural predictions. Based on the
structural hypothesis of a GLEBS motif in c13orf3 (Ska3), I could derive a potential
molecular mechanism that could explain the observed phenotype.
In the second part of my thesis, my goal was to develop computational tools and
automated analysis techniques to be able to perform structure-based functional an-
notation in a high-throughput way. I designed and implemented key tools that were
successfully integrated into a computational platform, called StrAnno, which I set up
together with my colleagues. These novel computational modules include a domain pre-
diction algorithm and a graphical overview that facilitates and accelerates the analysis
of results.
StrAnno can be seen as a ﬁrst step towards automatic functional annotation of
proteins by structure-based methods. First, the analysis of long hit lists to identify
promising candidates for further analysis is substantially facilitated by integration and
combination of various sequence-based computational tools and data from functional
databases. Second, the developed post-processing tools accelerate the evaluation of
structural and functional hypotheses. False positives from the threading result lists are
removed by various ﬁlters, and analysis of the possible true positives is greatly enhanced
by the graphical overview. With these two essential beneﬁts, fold recognition techniques
are applicable to large-scale approaches.
By applying this developed methodology to hits from a genome-wide cell cycle RNAi
screen and evaluating structural hypotheses by molecular modeling techniques, I aimed
to associate biological functions to human proteins and link the RNAi phenotype to
a molecular function. For two selected human proteins, c20orf43 and HJURP, I could
establish interesting structural and functional hypotheses. These predictions were based
on templates with low sequence identity (10-20%). The uncharacterized human protein
c20orf43 might be a E3 SUMO-ligase that could be involved either in DNA repair
or rRNA regulatory processes. Based on the structural hypotheses of two domains
of HJURP, I predicted a potential link to ubiquitylation processes and direct DNA
binding. In addition, I substantiated the cell cycle arrest phenotype of these two genes
upon RNAi knockdown.
Fold recognition methods are a promising alternative for functional annotation of
proteins that escape sequence-based annotation due to their low sequence identity to
well-characterized protein families. The structural and functional hypotheses I estab-
lished in my thesis open the door to investigate the molecular mechanisms of previously
uncharacterized proteins, which may provide new insights into cellular mechanisms.
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Chapter 1
Introduction
1.1 Motivation
The complexity of coordinated molecular processes in living organisms is overwhelming.
I am fascinated by the interplay of the proteins in every cell and the cooperation of cells
to achieve the best outcome for the tissue and the organism. These complex biological
processes have been studied for decades to gain insight into the principles of life and to
improve treatment of disease.
Due to technological advances in the recent years, it has become possible to inves-
tigate such biological questions in a systems approach by analyzing all proteins or all
genes at once with high-throughput technologies. Although the sheer amount of protein-
related data is increasing rapidly, the function of many proteins is still unknown. In
the human proteome, the percentage of uncharacterized proteins is at least 20%. The
exact number depends on the deﬁnition of functional annotations that are available
in biological databases (Figure 1.1): e.g. 60% of the protein coding human genes are
annotated with a functional term in Gene Ontology (GO) database [1] and 80% con-
tain a functional domain annotated in InterPro [2]. As these annotations often do not
characterize the entire protein sequence or are not curated knowledge, the percentage
of uncharacterized proteins is most likely higher than 20%.
The motivation of my PhD thesis was to make an impact in functional annotation
of human proteins that are uncharacterized until now. To achieve this goal, I have
combined methods of both computational and cell biology.
Development of computational prediction methods for functional annotation were
initiated by the availability of massive amounts of data from experimental
1
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Figure 1.1: Current status of uncharacterized proteins in the human genome
Four diﬀerent ways to estimate the percentage of functionally uncharacterized proteins: A: by the description of
the gene, i.e. the occurrence of the terms 'uncharacterized', 'putative' or 'hypothetical' in the gene description,
B: by annotation of functional domains in InterPro database, C: by annotation with a Gene Ontology (GO)
term describing protein function or D: by the percentage of experimentally solved protein structures in the
Protein Data Bank (PDB). The ﬁrst three datasets were extracted from ENSEMBL Release 55 (23.279 protein
coding human genes in total). Data on protein structure was retrieved from Swissprot Release 2011_08 (20.244
protein coding human genes in total).
high-throughput technologies as large positive and negative datasets are needed to
achieve a high predictive power.
Classical bioinformatics approaches to predict protein function are based on infer-
ence of function by sequence similarity to well-characterized proteins. The ability to
functionally annotate uncharacterized proteins by more sensitive sequence-based func-
tion prediction methods increased in the recent years [3], but they still often fail when
no homologous protein is found. As the structure of proteins is more conserved than
sequence in protein families [4, 5], structure-based methods (e.g. fold recognition) may
recognize possible structural similarities even at low sequence similarity and therefore
provide information for function inference [6, 7].
Fold recognition, also called protein threading, is a computational method for pro-
tein structure prediction where a query protein sequence is literally threaded onto a
3-dimensional scaﬀold of a template structure resulting in a sequence-to-structure align-
ment. A query sequence is threaded onto all structures of a so-called fold library, a
collection of known 3-dimensional structures used as templates. The best template
structure of the fold library is identiﬁed via a scoring function that evaluates how each
residue of the query sequence energetically ﬁts in the structural environment of the
template. Sequence-to-structure alignments generated by threading are independent
of sequence similarity, and thus identiﬁcation of remote homologs without detectable
sequence similarity can be achieved.
Fold recognition methods have already been proven to be successful for individual
proteins [8, 9], but high-throughput application is diﬃcult due to intrinsic challenges
2
1.2 Aim of the thesis
of these techniques, mainly caused by a high false positive rate. Despite several dis-
advantages, fold recognition is currently the most successful way to identify remote
homologies. This methodology provides an important step towards function prediction
of proteins where no information can be derived by sequence-based functional anno-
tation methods. There is a strong need for automated application of fold recognition
techniques because of the high percentage of uncharacterized genes.
Genome-wide screening approaches and other high-throughput technologies did not only
pave the way for computational prediction methods, but also provided direct functional
information on diﬀerent genes - including many unknown genes. The motivation of
my PhD thesis was to make use of this data to enhance functional annotation. For
example, genome-wide loss-of-function screens utilizing RNA interference (RNAi) tech-
nology result in hit lists associated to phenotypes that can be observed upon silencing of
speciﬁc genes [10]. These experimentally observed phenotypes provide functional clues
about the silenced gene, suggesting a role in a certain biological process. However, no
information about the molecular details of protein function is obtained. Mostly, only
a few genes out of large hit lists of screening experiments are further investigated, and
thus the valuable phenotypic data is only used to a limited amount. I was interested
in utilizing this phenotypic information as starting point to gain a deeper insight into
protein function of uncharacterized genes in these hit lists.
1.2 Aim of the thesis
My approach was to combine structure-based computational prediction methods with
experimental data from large-scale screens to overcome the limitations of fold recognition
techniques. I was particularly interested in how protein structure prediction by fold
recognition can be guided by the observed phenotype of an RNAi screen.
I address the following scientiﬁc questions in my PhD thesis :
 Can structure-based computational methods be linked to phenotypic information
to enhance functional annotation of uncharacterized proteins?
 Can this be done in a high-throughput way by developing a computational frame-
work for automated analysis?
 Can biological functions be associated to proteins by applying these methods and
can they be validated experimentally?
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My goal has been to functionally characterize a set of human proteins involved in cell
cycle, which do not have obvious homologies to known proteins, regarding their 3-
dimensional structure and molecular function. Furthermore, I have aimed to develop
computational tools for automation of fold recognition methods to be able to analyze
large gene lists rather than individual proteins. By generation of conﬁdent structural
and functional hypotheses, my goal has been to obtain an understanding of the molecular
mechanism of the observed phenotype and also validate promising hypotheses experi-
mentally.
The focus of my work was an interdisciplinary approach towards biological discovery of
functions of uncharacterized human proteins.
1.3 Outline
My PhD thesis is structured as follows:
Initially, I give an introduction to the protein sequence-structure-function relationship
and the methods and concepts of computational biology that are the basis of my re-
search. Additionally, I introduce RNA interference and the cell cycle, which are the key
biological concepts that I focus on (Chapter 2).
Then, I present and discuss results and explain the methods of my thesis work in three
diﬀerent chapters:
a) Characterization of the Ska complex by sequence- and structure-based computa-
tional methods to derive mechanistic insights into the experimentally determined
function (Chapter 3)
b) Development of computational tools for a automated computational framework
for structure-based functional annotation of proteins (Chapter 4)
c) Application of the computational framework for functional annotation to hits from
a cell cycle RNAi screen followed by bioinformatic and experimental characteri-
zation of the two most interesting human proteins (Chapter 5)
Finally, I draw conclusions and discuss future perspectives of my PhD thesis work
(Chapter 6).
4
Chapter 2
Background
This chapter describes the theoretical background of the main research areas of my
thesis. First, the bioinformatics topics are explained: protein structure (section 2.1),
protein structure prediction (section 2.2) and protein function (section 2.3). Then, the
background of the biological application case is described: genome-wide RNAi screens
(section 2.4) focusing on identiﬁcation of genes relevant in the cell cycle (section 2.5).
2.1 Sequence and structure of proteins
During the last decade, science has moved to the high-throughput era, which is reﬂected
both in sequence data and structural data available. As sequencing technology improved
much faster than the technology to determine protein structure, the amount of sequence
data is very large (≈ 500.000 sequences in Uniprot [11]), while there are currently only
about 80.000 structures of proteins and protein domains in the Protein Data Bank
(PDB) [12]. To be able to bridge this big gap between protein sequence and structure,
structure prediction methods are needed. For a thorough understanding of the molecular
mechanism of proteins, the knowledge of the atomic detail of a 3-dimensional structure
is crucial, emphasizing the importance of structure prediction methods.
Structural Genomics Initiatives (SGI) provide novel template structures for predic-
tion methods [13]. SGI aim to target domains that complete the structural repertoire.
Thereby, they broaden the knowledge of the fold space and its underlying principles and
ﬁnally lead to a better understanding of protein function [14]. Sequence initiatives pro-
vide data for proﬁle-proﬁle searches to identify remote homology [15]. Resemblances of
proteins in sequence as well as structure space can be investigated based on the growing
data resources: The number of diﬀerent domain families that are detected by sequence-
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based algorithms is about 105, while the number of structural families is estimated to
be two magnitudes lower, namely 103 [16]. Thus, many sequences, which do not seem
to be related to each other, share similar structures. If this is a consequence of either
convergent or divergent evolution, is under discussion in the scientiﬁc community [16].
Structural classiﬁcation of proteins
Protein structures are typically classiﬁed in folds. A fold is deﬁned by the composition
(the secondary structure elements (SSE) it consists of, i.e. α-helices and β-sheets), the
architecture (relative arrangement of the SSE) and the topology (connection of SSE)
[17]. There are two major databases that classify the structures in the PDB according to
their structural, but also their functional similarity: SCOP [18] and CATH [19]. A third
approach to classify all PDB structures is entirely structure-based: qCOPS [20]. In this
thesis, the SCOP classiﬁcation scheme was used. It is organized in four levels: class,
fold, superfamily and family. For example, b.34.9.1 describes the Tudor domain family
being part of the Tudor/PWWP/MBT-superfamily (b.34.9) in the SH3-like barrel fold
(b.34) in the all β-proteins class (b).
2.2 Protein structure prediction
Knowledge of structural data for many proteins is favourable as information in atomic
detail is necessary for a thorough understanding of protein function and for rational
drug design. The most straightforward way to think of protein structure prediction is
to understand how the proteins are folded naturally in every cell from their primary
sequence. The protein folding problem has been studied for several years, but has
not been solved yet. The reproduction of the folding pathway is very challenging,
because not only exact deﬁnitions of intra-protein and protein-solvent interactions are
needed, but also chaperones and ligands increase the complexity of the problem [21]. A
second approach to solve the structure prediction problem would be to experimentally
determine enough structures to easily ﬁnd accurate templates for all sequences. This
approach has been launched by Structural Genomics Initiatives [17].
2.2.1 Overview of structure prediction methods
Today, there are several methods established that allow structure prediction by integrat-
ing data like physical energies or sequence homology. The advantages and disadvantages
of these methods are discussed and evaluated in a scientiﬁc competition, the CASP -
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Critical Assessment of Structure Prediction, where diﬀerent protein structure prediction
methods compete with each other [22]. The available methods can be generally divided
in A) template-based and B) Ab Initio structure prediction:
A) Template-based structure prediction
The 3-dimensional structure of a query sequence can be predicted if an appro-
priate template structure can be determined. Template selection is the most
diﬃcult step in the template-based prediction. There are two distinct ways to
determine the template for modeling the structure: by sequence-based methods
(sequence identity >20-30%) or by structure-based methods, namely fold recog-
nition or threading methods (sequence identity <20-30%, the so-called twilight
zone [23]). Recent advances in the methodologies of template-based modeling are
summarized in [24]. All template-based methods of protein structure prediction
are restricted to known folds that were already solved experimentally. But the
number of novel folds, which have been discovered in the recent years, is very low:
the percentage dropped from 27% in 1995 to 5% in 2001 [25]. Recent studies sug-
gest that the PDB is complete enough to solve the structure prediction problem
for single domains: An accurate structural template would be available for almost
all sequences, but the methods to detect remote homologs are not good enough yet
to unravel these distant relationships [25]. Structural Genomics Initiatives aim to
provide all possible folds for accurate template detection in template-based struc-
ture prediction. The analysis of the ﬁrst years of this initiative revealed several
new folds and unexpected topologies of protein structures, but the overall number
of new folds discovered so far was lower than expected [17]. Thus, the current
structural knowledge seems almost complete and most structure prediction prob-
lems can be solved by identifying the correct template for modeling.
Comparative modeling Comparative modeling (previously also called Ho-
mology modeling) is based on the fact that homologous sequences share similar
structures. There are some exceptions of the sequence to structure paradigm:
a few remotely homologous sequences can fold diﬀerently [26] and the existence
of chameleon sequences [14] that can adopt several alternative folds depending
on the context [27]. But despite these rare cases, the vast majority of related
sequences show a related protein structure. The general steps of comparative
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modeling are described in the following paragraph, a detailed description is given
in several reviews on this topic [2830].
a) Template selection: Sequence-based searches to identify a template with
sequence similarity to the query sequence range from a standard BLAST
search [31] to more sensitive Hidden Markov Model based similarity searches
like HHpred [32], which compare sequence proﬁles to each other. By sequence-
based methods, homologous sequences with a sequence identity greater than
20-30% can be determined. These sequences share a statistically signiﬁcant
similarity to each other, hence, the similarity score is signiﬁcantly diﬀerent
from similarity scores of random sequences [15].
In fold recognition (or threading) methods, the template selection for com-
parative modeling is performed by structure-based methods. These methods
can identify distantly related proteins, which are not signiﬁcantly similar to
each other on the level of protein sequence. A detailed introduction to fold
recognition is given in section 2.2.2.
b) Sequence-to-structure alignment: Template selection implies creation of
a sequence-to-structure alignment. But even after selecting the correct tem-
plate, the one dimensional alignment might have to be adjusted to identify
the best ﬁt of the query sequence to the 3-dimensional template structure
[28].
c) Model building and reﬁnement: Several diﬀerent tools were developed to
generate the 3-dimensional model based on the sequence-to-structure align-
ment [33], e.g. Modeller [34] or Swiss-Model [35]. These algorithms build a
model of the query protein based on the 3-dimensional coordinates of the
template structure. Rotamer libraries for side-chain conformations and loop
reﬁnement algorithms are applied to ﬁnd the energetically most favourable 3-
dimensional structure of the query sequence. Global reﬁnement of the model
structure can be achieved by applying molecular mechanics and molecular
dynamics techniques [36, 37].
d) Model evaluation: After building a model, the steric and geometric crite-
ria and the conformational energy of the model are evaluated. Model quality
assessment methods take into account several features: molecular environ-
ment, hydrogen bonding, secondary structure, solvent exposure, pair-wise
residue interactions and molecular packing [38]. There are several methods
available for this purpose that are reviewed in [39].
8
2.2 Protein structure prediction
B) Ab Initio structure prediction
In contrast to template-based methods, Ab Initio structure prediction methods
can generate novel folds. The assumption for Ab Initio structure prediction is
that the biologically active (native) fold is a free energy minimum [40]. Ab
Initio structure prediction methods use energy potentials based on physicochem-
ical interactions. Diﬀerent algorithms apply diﬀerent potentials: statistics-based
(empirical) or physics-based potentials or a combination of both. A successful
algorithm for Ab Initio structure prediction requires a coherent scoring function
based on a clustering or ﬁltering method to be able to concentrate on native-like
conformations of the query protein [41]. In 2003, Adam Godzik summarized the
two problems of the Ab Initio structure prediction methods as the lack of ad-
equate molecular potentials and the enormous size of the conformational space
of even the smallest proteins [7]. Since then, the available computational power
has increased, but it is still computationally very expensive and diﬃcult to model
proteins bigger than 150 residues with the Ab Initio approach [21, 40]. The most
successful tools in the so-called free modeling competition of the CASP competi-
tion are hybrid approaches, like Rosetta [42]. They take into account physics- and
knowledge-based potentials and are often based on a fragment assembly approach.
Some recent progress to overcome limitations of Ab Initio structure prediction was
made by Faver and co-workers who showed the necessity to understand and cal-
culate the error sources (in conformational sampling and scoring functions for
proteins bigger than 100 residues) and correct for propagating errors in a post-hoc
manner [40].
A common problem of all structure prediction methods is the necessisity to identify
the lowest energy state. Zhang nicely described the analogy of a golf court where the
native structure is the deepest hole, but there is no middle range funnel to guide to
this deepest hole [21]. As the energy of structures very close to the native one is almost
always higher than the energies of several non-native structures, the deepest (native)
hole on the golf court is very hard to ﬁnd.
2.2.2 Fold recognition
Fold recognition (threading) methods allow the identiﬁcation of remote homologies by
structure-based template detection. As protein structure is more conserved than se-
quence [4, 5], these methods are able to detect remote homologies with a sequence
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identity lower than twilight zone (20-30%). Threading is the process of combining one
sequence with one structure in an optimal way [43] by literally threading the query
sequence onto a 3-dimensional scaﬀold of the template structure resulting in a sequence-
to-structure alignment (Figure 2.1a). A query sequence is threaded onto all structures
of a so-called fold library, which consists of all or a subset of protein structures of the
PDB (Figure 2.1b). The best template structure of the fold library is identiﬁed via
threading and subsequent scoring, ranking and reﬁnement of the results [44].
a b
evaluation by statistical
pairwise potentials
Figure 2.1: Schematic representation of the threading principle
A protein sequence (green) is threaded onto the 3D-scaﬀold of a known protein structure. The evaluation of
the resulting sequence-to-structure alignment is based on statistical pairwise potentials (a). An example of a
fold library is shown, consisting of ﬁve diﬀerent structural folds (b). The ribbons of all proteins structures are
colored from blue to red from N- to C-terminal. Structure visualisation was performed with Chimera [45].
How each residue of the query sequence energetically and sterically ﬁts in the struc-
tural environment of the template is evaluated by a scoring function. The structural en-
vironment is represented by statistical pairwise potentials that were derived from known
structures in the PDB and thus provide a empirical measure to evaluate the physico-
chemical environment of each residue in the structures [44, 46, 47]. These potentials
account for both residue-residue and residue-solvent interactions. As these knowledge-
based pairwise potentials are the primary factor of the scoring function, threading results
are independent of sequence similarity. Based on the energetic evaluation of the scoring
function, the alignments to each template structure of the fold library are ranked.
Several fold recognition methods have been developed, which are available to the
scientiﬁc community. One successful fold recognition algorithm is the ProHit package,
which was used in this work and is further explained in the next paragraph (page 12).
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Other available methods are, for example, I-TASSER [48], GenTHREADER [49], Phyre
[50], Pcons [51] and Sparks-X [52].
The main diﬀerence between the fold recognition techniques are the energetic po-
tentials and the scoring function applied. As every method has its strengths and weak-
nesses, meta-servers combining several fold recognition approaches have become popular
in the recent years. Furthermore, multiple-template threading, i.e. approaches to use
several diﬀerent templates to model the query sequence, result in better quality of the
obtained models [53].
Challenges in fold recognition
Threading techniques result in alignments of the query sequence to experimentally de-
termined protein structures of the PDB. Nearly all of these structures are folded as
globular domains and the pairwise potentials of the scoring function were derived from
these structures. For this reason, sequence stretches that do not belong to a globu-
lar fold introduce noise in the structure prediction by threading. These non-globular
regions are:
 Low-complexity regions (LCR) that do not adopt a three-dimensional fold and
are naturally unstructured, also called disordered. Disordered regions might be
very important in the function of the protein [54].
 Transmembrane-helices (TM) anchor proteins into a cellular membrane. The num-
ber of 3D-structures of transmembrane proteins in the PDB increased in the last
years but they are still underrepresented in comparison to globular folds (about
2% of all structures in the PDB are transmembrane proteins [55]).
 Signal peptides (SP) for protein localisation and secretion get cleaved in the ma-
ture protein and do not belong to the globular fold.
The second challenge in protein structure prediction by threading is the high number of
false positive predictions. A potential sequence-to-structure alignment for each template
structure in the fold library is generated and scored. Ideally, the native structure should
be ranked best by the scoring function of the threading algorithm, but, in reality, even
native structures do not always adopt the energetically most favorable state and hence
can be missed in the results [43]. Thus, the best template in the result list is not
per se the best-ranked one and has to be selected by an expert, who manually judges
the quality of the sequence-to-structure alignments. As a consequence, fold recognition
methods are only possible to be applied in a small scale, where human judgement of
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the results is feasible. Decreasing the number of false positives in the threading results
is the biggest challenge for high-throughput application of these techniques.
Another drawback of fold recognition methods are problems to identify the correct
template and alignment for multi-domain proteins. Most of the template structures in
the PDB are single domain proteins. If the query sequence contains multiple domains,
the alignment score and rank of the correct template will be low as only a part of the
query sequence is covered. Thus, the correct template will not be identiﬁed as it does
not appear in the top ranks of the result list. If both query and template consist of
multiple domains but share only one domain, fold recognition techniques are unable
to ﬁnd the correct alignment. Only a single-domain query sequence will result in the
correct alignment. This problem can be addressed by splitting the query sequence in
putative domains and, on the other hand, by the use of domain-based fold libraries (see
below).
Despite these disadvantages, fold recognition is a very important and powerful
method as identiﬁcation of distant structural similarities in proteins is an important
step towards function prediction of uncharacterized proteins lacking obvious homolo-
gies to structural domains (details about function prediction follow in section 2.3.3).
The ProHit threading algorithm
The ProHit package (©ProCeryon Biosciences) [56, 57] provides diﬀerent algorithms
for protein sequence analysis and fold recognition, which are implemented with the
Python programming language. The algorithm ProFit is used to generate, score and
rank sequence-to-structure alignments by threading.
For this task, several fold libraries are pre-calculated:
· PDB-based: pdb_all (all entries currently in pdb: ≈ 75.000)
pdb95 (pdb_all ﬁltered by 95% sequence identity: ≈ 24.000)
pdb40 (pdb_all ﬁltered by 40% sequence identity : ≈ 15.000)
· SCOP-based: scop_all, scop95, scop40 (single SCOP-domains)
· CATH-based: cath_all, cath95, cath40 (single CATH-domains)
The ProFit algorithm uses an energy function based on knowledge-based pairwise poten-
tials derived from experimental protein structures that describes pairwise interactions
between residues [46, 58]. The sequence-to-structure alignments are also evaluated by
a surface potential, which describes interactions between residues of the model and the
surrounding solvent. These two energetic potentials and one sequence-based score are
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expressed as Z-scores. A Z-score represents the distance of the measured raw score to
the mean score in units of standard deviation. ProHit calculates four diﬀerent Z-scores:
 z-pair: pairwise (residue-residue interaction) potential component of the align-
ment matrix
 z-surf: surface (residue-solvent interaction) potential component of the alignment
matrix
 z-comb: weighed combination of z-pair and z-surf (default 2:1)
 z-seq: sequence substitution (scored by a substitution matrix e.g. BLOSUM40)
component of the alignment matrix
For the ﬁnal ranking, the Threading index (ThdIdx) is calculated, a combination of
z-comb and z-seq normalized by the length of the query sequence.
These Z-scores are dependent of the input parameters such as length and amino-
acid composition of query sequence. Therefore, the quality of an alignment can not be
judged by the numerical value of the Z-scores. The ranking in comparison to the other
possible structural templates deﬁnes the quality of a sequence-to-structure alignment.
Two further advantages of ProHit are the following: First, the modeling algorithm
MODELLER [59] is integrated in the ProHit package to generate the 3D-model of the
query protein based on the sequence-to-structure alignment. Second, ProHit package
provides the possibility to run threading jobs, modeling and other algorithms in a batch
mode. Customized scripts allow several parallel runs and automation of the threading
method as well as management and accessibility of input and output.
2.3 Protein function
2.3.1 Deﬁnition of protein function
There is no concrete deﬁnition of the term protein function as the function of a gene or
a protein can be described at several levels and in several diﬀerent ways. Rison and co-
workers summarized diﬀerent classiﬁcation schemes for protein function [60]. The most
comprehensive classiﬁcation scheme is Gene Ontology (GO) [1], which divides func-
tion in three categories: Molecular function (the biochemical activity that determines
which reaction/catalytic activity the protein is able to execute), biological process (in
which pathway it is involved that is accomplished by assemblies of diﬀerent molecular
functions) and cellular component (referring to the place or localisation where the func-
tion is performed) [61]. A structured vocabulary is provided to describe these diﬀerent
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functions in diﬀerent categories. Two noteworthy features of the GO classiﬁcation are
the independence of the biological species and the requirement of evidence estimates
together with the functional annotation.
2.3.2 The structure-function relationship
The relationship between sequence, structure and function of proteins is very complex.
To fully understand the evolution of diﬀerent protein functions in respect to the evolu-
tion of sequence and structure, more data and research is needed [62]. One of the ﬁrst
large-scale studies in this respect was the analysis of the structure-function relation-
ship in the whole yeast genome [13]. A better understanding of interdependencies and
evolution of sequence, structure and function is required for better function prediction
methods.
In most cases, structural similarity results in functional similarity. Several studies
were carried out comparing protein families with enzymatic activity, resulting in a strong
correlation between structural resemblance and catalytic mechanism [63, 64]. On the
contrary, there are also functionally multifaceted structural folds that are annotated
with various EC-numbers (Enzyme Classiﬁcation numbers). The most versatile fold
is the TIM barrel fold with 29 EC numbers associated. There are more examples
of exceptional cases where a similar sequence and a similar fold originates diﬀerent
functions [61].
2.3.3 Protein function prediction
Lee and co-workers calculated the coverage of comprehensive function annotation (GO-
annotation with traceable author source) in diﬀerent species: 20% of the human pro-
teome is annotated and in the model organisms mouse, ﬂy and C. elegans less than
10% [65]. As these percentages are very low, the computational prediction of protein
function is very important. Protein function can be predicted both from sequence and
structure (reviewed in [3, 65]):
Sequence-based function prediction
Inferring protein function from signiﬁcant sequence similarity is the most reliable ap-
proach towards meaningful function prediction (reviewed in [66]).
To predict molecular function several approaches are successful: Similarity group
methods like PSI-BLAST [31]; identiﬁcation of sequence pattern or proﬁles like Inter-
Pro [2], PFAM [67], Prosite [68] and SMART [69]; clustering in ortholog clusters like
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eggNOG [70] and machine learning approaches integrating diﬀerent stand-alone meth-
ods like ProtFun [71]. Methods like MCODE [72] predict predominantly the biological
process, where the gene of interest is involved in. They are based on the analysis of the
genomic context with phylogenetic proﬁling and network construction and analysis.
The inference of function from homologous sequences could be dubious taking into
account evolutionary concepts. Orthologous proteins often share similar functions, as
both organisms need one protein performing this function. On the other hand, if the
homologous sequences are paralogous in the same species, the function might be main-
tained after gene duplication. However, it is also likely that one of the paralogs evolved
to a diﬀerent function after gene duplication [65].
Another sequence-based method to gain information about protein function is the
identiﬁcation of linear motifs in the protein sequence, which are independent of the
tertiary structural context. These short (< 10aa) and conserved sequence motifs are
involved in many important cellular functions, e.g. phosphorylation events or protein-
protein interactions. The ELM server [73] provides a comprehensive collection of known
linear motifs.
Structure-based function prediction
Function prediction by structure-based methods is important because of the
3-dimensional arrangement of functional properties: The function of a protein is of-
ten deﬁned by a few chemical properties in a certain spatial relationship, e.g. in active
sites of enzymes. Thus, it is not always possible to infer function from sequence because
this arrangement of functional residues in space, which is crucial for the molecular func-
tion, can be achieved by totally unrelated sequences [61]. The best studied example for
these non-sequential active site resemblances is the catalytic triad of serine proteases
[74].
Furthermore, function prediction exclusively from structure became important in the re-
cent years because of Structural Genomics Initiatives. SGI experimentally solve protein
structures, whose function might be unknown. If the solved structure has no detectable
sequence homolog, its function might be inferred by structure-based function prediction
methods. A better understanding of these remote homologies and their relationship to
protein function is therefore achieved by structure-based function prediction techniques
[65].
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Several methods for structure-based prediction of protein function have been developed
in the past (reviewed in [75]). In general, the existing methods can be divided into two
groups:
1. Structural motifs: Structural motif searches are carried out by local comparison
with known structures. These motifs consist of a 3D arrangement of a small set of
residues, e.g. a catalytic site in enzymes, and can be regarded as a 3D extension of
the linear sequence motifs (see above). The Catalytic Site Atlas (CSA), a widely
used and successful web-server, can detect similarities to enzymatic active sites
in protein structures [76]. A comprehensive meta-server to search for structural
motifs is PROFUNC [77], which was recently used to annotate 1000 structures
that were solved by Structural Genomics Initiatives [78].
2. Functional patches: Identiﬁcation of functionally similar patches on the protein
surface is based on physicochemical properties, e.g. cavities or electrostatics. For
example, the Q-SiteFinder predicts ligand binding site in protein structures [79].
A big advantage of protein function prediction via protein structure is the prediction
of the molecular function providing information in atomic detail. This comprehensive
structural information is important for more focused experimental functional character-
ization, e.g. by single point mutations of the functionally important residues.
2.4 RNA interference
RNA interference (RNAi) is the generic term for small RNA molecules with a regulatory
function in the cell.
By looking at the large impact RNA interference has nowadays in biomedical re-
search, it is astonishing that this cellular pathway was discovered only 13 years ago.
After an initial observation of this phenomena in plants in 1990 [80], the breakthrough
was achieved by Fire and Mello in 1998 [81], who described the silencing potential of
double-stranded RNA (dsRNA) in Caenorhabditis elegans and Drosophila melanogaster.
In mammalian systems, the long dsRNA introduces a strong interferon response. This
problem could be solved a few years later by directly treating the mammalian cells with
small dsRNA molecules of 21-25 nucleotides (nt) length [82, 83].
The origin of the small interfering RNA (siRNA) molecules can be endogenous or
artiﬁcial. The molecular mechanism, how all these small regulatory RNA molecules are
processed, is very similar and was already described in various diﬀerent organisms [86].
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Figure 2.2: Mechanisms of RNA interference
In RNA interference one strand of the small double-stranded siRNA molecules is incorporated into the RNA-
induced silencing complex (RISC) (A). mRNA molecules complementary to the bound siRNA are targeted and
subsequently cleaved and degraded (B) resulting in a knock-down of the target gene. miRNA-like oﬀ-target
eﬀects upon partial complementarity to the 3'UTR of an unintended target result in translational silencing and
mRNA cleavage [84] (C). Transient RNAi eﬀects are obtained by delivery of artiﬁcial siRNA or esiRNA molecules
into the cell (D). Long dsRNA, which is applied in invertebrate species, is cut into smaller fragments by the
Dicer before it can bind to RISC. Long-term silencing can be achieved by virus-delivered shRNA constructs,
which integrate in host DNA, are transcribed in stable RNA hairpin structures and are processed by the Dicer
after leaving the nucleus (E). Reprinted from [85].
The key players of the intracellular RNAi pathway are summarized in Figure 2.2.
Double-stranded RNA is processed by Dicer, an endonuclease, which chops the RNA
into small pieces about 21-25 nt long. These small RNA molecules bind to RISC (RNA-
induced silencing complex), and this complex is then interacting with the complemen-
tary mRNA. While bound to the siRNA, the mRNA gets cleaved and subsequently
degraded as each of the two resulting parts of the mRNA are either missing the 5'CAP
or the 3'PolyA tail [87].
The main natural function of RNA interference is the protection against virus RNA
and transposons by downregulating their expression by this means. The same RNA
silencing machinery is involved in endogenous regulation of various transcripts by mi-
croRNA (miRNA, reviewed in [88]), which are partially complementary to the 3'UTR
(untranslated region) of the target mRNA. The miRNA does not exclusively utilize the
Dicer/RISC pathway but utilizes alternative pathways for executing its function.
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The phenomenon of RNA interference is not only important in respect of a deeper
knowledge of gene regulation and protection mechanisms of the genome, but it is nearly
indispensable tool in current biomedical research. As researchers can now gain insight
into the function of genes faster and easier than in classical genetic approaches (for
example knock-out approaches), the RNAi technology opened the door to perform func-
tional genomics. Together with several fully sequenced genomes nowadays, the siRNA
knockdown of genes provides a very powerful method to functionally annotate genes
and genomes in loss-of-function studies (reviewed in [89]).
RNA interference is also already used in the treatment of diseases. Angali and co-
workers summarize these attempts giving many examples of the application of RNAi as
a treatment for HIV, cancer, cardiovascular and other diseases [90].
2.4.1 Diﬀerent RNAi resources
The regulatory RNA molecule, which is taken for loss-of-function studies, can be of
various nature (Figure 2.2 D,E). Either a synthetic double-stranded siRNA is used or an
endoribonuclease-prepared siRNA (also called esiRNA) [91, 92]. Both of these molecules
are 21-25nt long and have a 2nt overhang at the 3'end. Another option are short hairpin
RNAs (shRNA), which are delivered via virus infection and stably integrated into the
host genome (reviewed in [93]). After transcription by PolIII, the shRNA forms a
stable stem loop structure that is exported to the cytoplasm, cleaved by the Dicer
into siRNA and is silencing the target mRNA upon binding to RISC. Endogenous or
artiﬁcial microRNAs are the third option for siRNA, which are also transcribed, form
a stem loop structure and are further processed by the RNAi machinery.
These diﬀerent regulatory RNAs share the main property to silence their sequence-
complementary target genes but diﬀer in two aspects:
a) Kinetics: siRNAs lead to transient gene knockdown of several days while the
integration of the shRNA into the host genome leads to a stable knockdown of
the gene.
b) Speciﬁcity : The drawback of the RNAi technology are oﬀ-target eﬀects that can
be induced by applying the silencing trigger. Ideally, the siRNA only targets and
degrades its complementary mRNA, but unspeciﬁc eﬀects, namely silencing other
mRNAs (oﬀ-targets), occur very often. It has been shown that the oﬀ-target
eﬀects can be reduced by working with pools of siRNAs all targeting the same
gene or with esiRNAs that are already a heterogeneous pool of siRNA targeting
all transcripts of a gene. By using esiRNA, a single siRNA is applied at a lower
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concentration and therefore lower eﬃciency but the siRNA eﬀects on the on-target
gene add up to become a potent silencing trigger, while the oﬀ target eﬀects get
diluted as they are diﬀerent for each single siRNA [94].
2.4.2 Genome-wide RNAi screens
The establishment of RNA interference as a straightforward tool to speciﬁcally down-
regulate genes in mammalian cell culture and other model organisms opened the door
to carry out genome-wide screenings with RNAi libraries. It is a powerful technique
for functional genomics, aiming to unravel the cellular and molecular functions of all
annotated genes. siRNA libraries for this purpose are either enzymatically prepared
(esiRNA or shRNA) [91] or chemically synthesized (siRNA).
There are several diﬀerent aspects to bear in mind in the set-up of an RNAi screen:
RNAi resource, assay design (cell line, read out), positive and negative controls and
hit validation (reviewed in [10, 94]). The most crucial steps of the RNAi screens are
hit selection and hit validation. The hit validation in a secondary screen minimizes the
risk of reporting a high number of false positives in the results of a screen [95]. To
ensure that certain phenotypes are speciﬁcally due to the knockdown of a single gene,
an independent silencing trigger, namely a secondary RNAi molecule targeting a diﬀer-
ent region of the transcript, is the ﬁrst control experiment that should be performed.
Additionally, rescue experiments provide further evidence that the observed phenotype
is gene speciﬁc [96]. As comprehensive validation experiments are diﬃcult to perform in
a high-throughput way, a inevitable rate of false positive hits remains and is the main
disadvantage of genome-wide RNAi screens.
There are many examples of successful genome-wide RNAi screens that discovered
functions of previously uncharacterized genes and proteins [97100].
2.5 Cell Cycle
The cell cycle is a very fundamental process in all living organisms. The cell divides into
two daughter cells, and the faithful duplication and transfer of the genetic material to
the two daughter cells have to be ensured. Therefore, a complex, highly interconnected
and redundant molecular machinery is present in each cell. The deregulation of the
cell cycle very often leads to cancer. Hence, a better understanding of the processes
underlying the regulation of the cell cycle is crucial for cancer therapy. The basic
principles of the cell cycle phases and components are conserved in all eukaryotes.
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An overview of the cell cycle is given in Figure 2.3. In general, the cycle is composed
of four phases: G1, S and G2 and M-phase. The two main events are the cell division
in M-phase and the DNA replication in S phase. In between, the two gap phases G1
and G2 serve as a "buﬀer zone" to ensure that the conditions in- and outside the cell
are favourable. Molecular checkpoints are the control system of the cell cycle. Before
proceeding with S phase, the G1/S checkpoint decides on the fate of the cell: Should
the cell division be delayed to deal with stress, DNA damage or insuﬃcient cell mass?
Should the apoptotic program be started because the problems cannot be solved? If
the G1/S checkpoint is satisﬁed, the cycle continues with DNA replication in the S
phase followed by the G2/M checkpoint, which ensures that all replication errors are
corrected before starting the cell division. A third checkpoint exists in the M-phase to
ensure equal distribution of the genetic material to the daughter cells. This checkpoint
is also known as the spindle-assembly checkpoint (SAC) and is further described and
discussed in section 3.1.
The central molecules regulating the cell cycle are cyclins and cyclin-dependent
kinases (Cdks). Complexes of diﬀerent cyclins with diﬀerent Cdks are the key molecular
switches of the cell cycle resulting in a "cyclic process of successive transient activation
or inactivation of Cdks by association with diﬀerent cyclin regulatory subunits and
Cdk-inhibitors" [102]. The Cdks are regulated by three means: binding of cyclins,
phosphorylation and binding of inhibitors. In each cell cycle phase, a diﬀerent pair
Figure 2.3: Overview of the cell cy-
cle
The four cell cycle phases are shown to-
gether with the three main checkpoints: G1-
, G2- and Metaphase-checkpoint. The main
questions at each decision point are phrased,
which have to be answered positively to en-
ter the next cell cycle phase. Reprinted from
[101].
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of cyclin and cyclin-dependent kinase is active. Two other important players in the
cell cycle are the Cdk inhibitors and ubiquitin ligases. Cdk inhibitors like p27 serve as
"integral brake" [103] of the cell cycle and p15 and p21 are mediators of the extracellular
signals. E3-ubiquitin ligases regulate speciﬁc proteolysis to rapidly degrade certain
cyclins and other key molecules to be able to proceed to the next cell cycle phase.
There are two main ubiquitin ligases: SCF (Skp, Cullin, F-box containing complex)
that is important in the G1/S transition and APC (Anaphase-promoting complex) that
makes the M/G1 transition possible.
All these key players in the cell cycle are, on the one hand, regulated on transcrip-
tional level providing continuous changes and, on the other hand, modiﬁed by ubiqui-
tylation leading to proteolysis, which is needed for rapid and irreversible transitions in
the progress of the cell cycle. These two regulatory pathways are balanced to ensure
the correct process of the cell cycle.
In cancer cells, these processes are deregulated by up- or downregulation of the key
molecular switches. Most of the mutations found in cancerous tissues are linked to the
transition of the G1 to S phase. Signalling pathways of proto-oncogenes (which are
constitutively activated or overexpressed in cancer) and tumor suppressors (that are
inactivated in cancer due to mutations) converge at the machinery controlling G1/S
checkpoint, where the decision, if the cell undergoes proliferation or not, is taken. For
example, cyclin D1 is overexpressed in many cancers, while the Cdk inhibitors INK4a
and the tumor suppressor Rb are inactivated by mutation in melanoma and retinoblas-
toma, respectively [104].
However, cancer is certainly a very complex disease that cannot be explained by
single mutations, but is a multi-factorial phenomenon. The cell cycle checkpoints are
crucial for cancer development as, upon deregulation, apoptosis is omitted and the cell
divides even if conditions are not favourable. As a consequence, DNA damage as well
as DNA replication errors do not get corrected. Thus, additional gene mutations arise
more easily in a cell with non-functional checkpoints, and thereby paving the way for
transformation into cancerous tissue.
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Chapter 3
Characterization of the Ska complex
This chapter describes my contribution to the functional characterization of the Ska
complex (Spindle- and kinetochore associated complex). In collaboration with Mirko
Theis (Buchholz group, MPI-CBG Dresden), I participated in this project by performing
a thorough bioinformatics analysis of the Ska proteins applying sequence- and structure-
based computational methods.
First, I introduce the biological background and the experimental results of my col-
laborators (section 3.1). Then, I present my results of the bioinformatics analysis of
c13orf3 and Ska1 (section 3.2 and 3.3, respectively). Finally, based on my results, pos-
sible molecular mechanisms are discussed and conclusions are drawn (section 3.4). The
computational methods that I applied are listed at the end of this chapter (section 3.5).
3.1 Introduction and aim
The Ska complex is involved in the spindle-assembly checkpoint (SAC) [105].
The SAC gets activated at unattached kinetochores in prometaphase early in mitosis
and remains active until all chromosomes accomplish proper bi-polar attachment to both
spindle poles. By the time kinetochore-mictrotubule associations of all sister chromatid
pairs are completed, the SAC is turned oﬀ and anaphase can be started. The SAC
ensures ﬁdelity of chromosome segregation by delaying the anaphase onset in presence
of misaligned chromosomes. The establishment of the SAC is an interplay of lack of
attachment and lack of tension at the kinetochores. Which of these two phenomena
serves as the primary signal for SAC activation is still unclear [106]. On molecular
level, several important proteins involved in this crucial checkpoint are known: the
mitotic checkpoint complex (MCC) consists of BubR1, Bub1, Bub3, Mad2 and Cdc20
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(a subunit of the APC/C) in mammalian cells. Cdc20 is inactive, while it is bound to
the MCC. Upon activation, i.e. silencing of the SAC, the APC/C destroys substrates
like securin and cyclinB that inhibit mitotic progression [107]. The MCC is localized at
unattached kinetochors until proper attachment of microtubules. The deplacement of
the MCC protein complex is necessary for mitotic progression. The entire network of
SAC and kinetochore proteins in mitosis is very complex and is reviewed in [108, 109].
Numerous (de-)phosphorylation events regulate this part in cell cycle and several of
the known SAC proteins do either possess kinase activity themselves (like BubR1 and
AuroraB) or are subject to phosphorylation (like Cdc20 and CENP-E) [108].
In 2006, Hanisch and co-workers identiﬁed two novel proteins that are also involved
in the spindle-assembly checkpoint: Ska1(c18orf24) and Ska2 (Fam33a) [105]. The third
component of the Ska complex, c13orf3, was independently discovered by Mirko Theis
and two diﬀerent research groups three years later [110, 111]. As a consequence of
the results of these publications, c13orf3 is now named Ska3, but, in this thesis (in
agreement with the publication that resulted from this work [112]), c13orf3 will be used
as gene name.
By phenotypic proﬁling (a combination of a genome-wide cell cycle [97] and cell
viability RNAi screen) my collaborators identiﬁed c13orf3 as an important mitotic pro-
tein, which localizes to spindle and kinetochore. RNAi-mediated knockdown of c13orf3
results in a mitotic arrest in cell cycle associated with misattachment of chromosomes
and multi-polar spindles. Furthermore, it was discovered that c13orf3 forms a stable
complex with Ska1 and Ska2. By a yeast-2-hybrid approach with fragments of the Ska
proteins, the minimal interaction interfaces of the three partners could be determined:
N-terminus of c13orf3 (aa 1-159) interacts with the N-terminus of Ska1 (aa 1-84), both
termini of c13orf3 (aa 1-87 and 303-412) bind to the full Ska2 protein and N-terminus
of Ska1 (aa 1-63) to the full Ska2 protein. It was shown that c13orf3 is essential to turn
oﬀ the SAC but not crucial for chromosome segregation in anaphase. This function
of c13orf3, to be essential for silencing the SAC, was later conﬁrmed by Daum and
co-workers [113].
My aim in this part of my thesis work was a sequence- and structure-based compu-
tational analysis of the Ska proteins. The main goal was the prediction of functional do-
mains and motifs to elucidate the detailed molecular function of the Ska complex. Based
on the knowledge that the Ska complex is involved in the spindle assembly checkpoint,
I was interested to investigate how this experimental data helps to derive a possible
24
3.2 Computational analysis of c13orf3
molecular mechanism from sequence analysis and structure predictions. My goal was
to investigate if integration of experimental functional information improves structure
prediction by fold recognition techniques.
3.2 Computational analysis of c13orf3
According to the ENSEMBL database the protein sequence of c13orf3
(ENSG00000165480) is annotated with three diﬀerent transcripts resulting in proteins
of 412, 388 and 330 amino acids in length. The longest transcript is described as the
main isoform and has been considered in this study.
3.2.1 Sequence-based analysis
Sequence-based analysis was carried out by applying prediction tools and searching
information from diﬀerent biological databases.
No homology to conserved functional domains was identiﬁed by sequence-proﬁle
searches. Orthologs of c13orf3 are present in vertebrata (e.g. mouse:
ENSMUSG00000021965) including bony ﬁsh (zebraﬁsh: ENSDARG00000067746).
Phosphorylation sites
c13orf3 is phosphorylated at multiple sites, which were detected in large-scale phos-
phorylation screens via mass spectrometry [114, 115]. I combined these experimentally
determined modiﬁcation sites with linear motif analysis to identify possible kinases in
charge of the phosphorylation (Table 3.1).
3.2.2 Structure prediction results
Secondary structure prediction
The secondary structure of c13orf3 was predicted with 3 diﬀerent well-established al-
gorithms (PSIpred [116], Jpred [117] and SSpro [118]) as shown in Figure 3.1. The
N-terminal part (aa 1-100) is likely to adopt a helical structure as all three algorithms
agree in this region. The central part (aa 100-300) is mostly disordered, containing
probably only a few secondary structure elements. In the C-terminal part (aa 300-412)
a mixed α/β-structure is predicted.
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Table 3.1: Phosphorylation sites of c13orf3
Phosphosite motif sequence putative kinase
S34 SDFED CK2
S155 SPRSPQLS MAPK or GSK3 or CK1
T265 TP MAPK
S267 SP MAPK
Y280 - no kinase predicted
T291 TP MAPK
T358 TP MAPK
T360 TPPE MAPK or CK2
Putative kinases of experimentally determined phosphorylation sites of c13orf3 are shown. The phosphorylated
residue is highlighted in the motif sequence. The putative kinases are assigned by the following consensus kinase
motifs: MAPK: ([ST])P, GSK3: ([ST])...[ST], CK2: S..([ST]), CK1: ([ST])..E. MAPK denotes all proline-
directed kinases like MAPK. CK1/2: Casein kinase 1/2, MAPK: Mitogen-activated protein kinase, GSK3:
Glycogen synthase kinase 3.
Figure 3.1: Secondary structure prediction of c13orf3
The secondary structure of c13orf3 was predicted with PSIpred, Jpred and SSpro. The protein sequence of
c13orf3 is shown in the ﬁrst line. The results of the three prediction programs are visualized below the sequence.
Red bars labeled with α denote predicted helices and green arrows labeled with β denote predicted strands.
Protein structure prediction by fold recognition
As functional domains could not be identiﬁed in c13orf3 by sequence-based methods, I
applied threading techniques to discover possible remote homologies to known structural
folds. The 412 aa long sequence of c13orf3 was split in three parts because it could
contain multiple domains, which have to be separated to obtain beneﬁcial threading
results (as explained in section 2.2.2). The splitting was based on the experimental
results of the interaction data of the Ska complex (section 3.1) combined with secondary
structure prediction (Figure 3.1):
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 part1 - aa 1-170: The interaction mapping revealed aa 1-159 as the region bind-
ing to Ska1 and Ska2. As there is a secondary structure element concordantly
predicted between aa 160-170, this part was extended to residue 170.
 part2 - aa 171-299: This part is most probably a disordered region between the
two regions that are rich in secondary structure elements.
 part3 - aa 300-412: This part denotes the C-terminal region where many struc-
tural elements are predicted in agreement.
For structure prediction by threading, only the part1 and part3 were analyzed in detail.
The results of the structure prediction of part1, which is the interacting region in Ska
complex formation, are summarized in section 3.3.2. In this section, only the results
and the structural hypothesis for part3 will be reported.
Discovery of a GLEBS motif
As c13orf3 is known to participate in the spindle assembly checkpoint (SAC) in mitosis, I
focused the analysis of the structure prediction in this respect. The threading algorithm
ProHit was used with a fold library containing 254 template structures all annotated
with the GO-term mitotic cell cycle checkpoint (GO:0007093). This is based on the
assumption that other proteins involved in this biological process might have similar
domains, and thereby reducing the false positive rate of the threading. The results of
threading c13orf3-part3 (aa 300-412) against this function-based fold library are shown
in Table 3.2.
The resulting hit list is ranked by the Threading Index and was ﬁltered by the foldlength/
pathlength ratio to ﬁlter out false positives. The foldlength (FL) describes the number
of residues in the template and the pathlength (PL) is deﬁned as the length of the
alignment. Only structure-based sequence alignments with a FL/PL ratio between 0.6
and 1.3 are considered to be of high conﬁdence most of the template fold is covered by
the alignment [8]. Peptides smaller than 15 amino acids (FL≥15) were sorted out as
they do not contain structural elements.
Analysis of the resulting hit list suggests that rank 4 and 5 (template: 2i3s.B and 2i3t.D)
are true positive hits. The other templates are false positives, because some of the sec-
ondary structure elements were not covered in the alignment, and thus no complete fold
coverage is obtained: Rank 1 and 2 (pdb:1lgq.A and 1lgp.A) lack 2 β-strands and Rank
3 (pdb:1jsu.C) lacks 1 long α-helix. Rank 6 (pdb:1cci.F) is not considered as possible
true positive because of the very low threading index.
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Table 3.2: Threading results for c13orf3 - part3
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SSElack 1 1.24 5.8 2.6 0.6 4.1 13.3 90 112 b.26.1.2 1LGQ A Chfr
SSElack 2 1.20 5.5 2.7 0.6 3.8 12.7 94 113 b.26.1.2 1LGP A Chfr
SSElack 3 1.25 4.6 2.7 1.5 2.6 9.0 55 69 1JSU C Cdk2,Cyclin
A,P27
TP 4 1.00 4.3 2.2 0.7 3.6 19.4 36 36 2I3S B Bub3,Bub1
TP 5 0.91 3.3 2.8 1.0 2.2 8.5 47 43 2I3T D Bub3,Mad3
ThdIdx 6 0.63 -1.6 2.1 1.8 -0.14 3.4 30 19 2CCI F Cdk2,Cyclin
A2,Cdc6
Threading results with a fold library containing only template structures annotated with the GO-term mitotic
spindle checkpoint. Results are ordered by the Threading Index. Results ﬁltered by 0.6<FL/PL<1.3 and
FL≥15. Multiple identical chains from the same PDB structure not shown for clarity. FL: foldlength, PL:
pathlength, ThdIdx: Threading-Index (normalized score of ProHit z-scores), Z-pair/surf/seq: Z-scores obtained
by ProHit fold recognition (section 2.2.2), %Id: percent of sequence identity, SCOP: SCOP family Id, PDBdescr:
shortened description from PDB header, TP: true positive, SSElack: Secondary structure elements of template
missing in the alignment, ThdIdx: very low threading index.
As the PDB templates 2i3s.B (Bub1) and 2i3t.D (Mad2) belong to the same structural
fold, the Gle2-binding-sequence (GLEBS) [119], I evaluated if c13orf3 might be a remote
homolog of this protein family. The GLEBS motif is a small structural assembly con-
sisting of helix-loop-helix structure (Figure 3.3) and is known to bind to WD40-repeat
proteins [120] like Bub3, which is a key player in the spindle assembly checkpoint.
Upon binding to Bub3, three negatively charged amino acids from the GLEBS bind
positively charged residues of the WD40-repeat protein. These residues were shown to
be crucial for the interaction by point mutation studies in Bub1 and Mad3 [119]. In
the structure-based sequence alignment obtained by threading, these three negatively
charged amino acids of the template Bub1 are aligned to negatively charged residues
of c13orf3 C-terminus (Figure 3.2). The position of the predicted secondary structure
of c13orf3 matches to the structural elements of Bub1: the ﬁrst smaller helix is only
slightly shifted towards the N-terminus of c13orf3 and the second longer helix of Bub1
aligns very well to the predicted helix (Figure 3.2). The conservation of the potential
binding residues together with the correspondence of the secondary structure elements
lead to a conﬁdent prediction of a putative GLEBS motif in the C-terminal region of
c13orf3. Bub1 and c13orf3 share 19,4% sequence identity.
The part of c13orf3 sequence featuring the putative GLEBS motif (aa 340-370) also
contains to potentially phosphorylated threonines at position 358 and 360 (Table 3.1).
Other GLEBS motifs are not known to be phosphorylated and do not possess a serine
or threonine residue in the positions aligned to T358 and T360 of c13orf3. However,
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Figure 3.2: Structure-based multiple sequence alignment of known of GLEBS motifs
Sequence alignment of human c13orf3 with GLEBS motifs based on the sequence-structure alignment of c13orf3
with Bub1-GLEBS of S. Cerevisiae (2i3s, chain B) obtained by threading and multiple sequence alignment of the
GLEBS motifs. Residues are colored according to their physicochemical properties. Secondary structure of the
template Bub1_Sc (pdb 2i3s.B) and consensus secondary structure prediction of c13orf3 (Figure 3.1) is shown
below the sequences with thick red lines indicating α-helices. H.sap.: Homo sapiens, S.cerev.: Saccaromyces
cerevisiae, SecStrucPred: Secondary Structure prediction
T360 is aligned to negatively charged amino acids in BubR1, Bub1 and Mad3, which
have similar physicochemical properties as a phosphorylated threonine and thus could
be regarded as conserved in the proposed alignment.
c13-GLEBS interaction with Bub3
Mad2 and Bub1 (BubR1 and Bub1 in human) interact with the WD40-protein Bub3
via their GLEBS motif and thereby maintain the spindle assembly checkpoint [119].
Therefore, a possible interaction between Bub3 and the putative GLEBS motif of c13orf3
was investigated by constructing a 3D-model of the complex structure (Figure 3.3).
Both structures were modeled using as template the X-ray structure of the yeast Bub1-
GLEBS/Bub3 complex (pdb:2i3s, 1.9 Å resolution): c13orf3 on chain B (19,4% Id,
RMSD Cα(SCR)= 1,36 Å) and human Bub3 sequence on chain A (27,8% Id; RMSD
Cα(all)= 0,97 Å).
In the model of the bound c13orf3-GLEBS to human Bub3, the three negatively charged
residues of c13orf3 (E363, E369 and D370) are in small distance to the positively charged
residues in Bub3. Thus, there might be a stable interaction between c13orf3 and Bub3
similar to the Bub1/Bub3-complex.
3.3 Computational analysis of Ska1
The biological function of c18orf24 (ENSG00000154839) was ﬁrst described by Hanisch
and co-workers [105] who assigned the name Ska1 - Spindle and kinetochore-associated
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Figure 3.3: Model of putative c13orf3-GLEBS interaction with Bub3
Left panel: Green ribbon representing the 3D model of the putative GLEBS motif of human c13orf3 docked
to human Bub3, which is represented as blue surface. Both structures were modeled using as template the
X-ray structure of the yeast Bub1-GLEBS/Bub3 complex. Phosphorylated sites in c13orf3 (T358 and T360) are
indicated in pink. Right panel: Closer view into the binding site of c13orf3-GLEBS (green ribbon) to Bub3 (blue
ribbon). Three negatively charged residues, which have been shown to be crucial for binding of GLEBS motifs
to Bub3 are also found in human c13orf3 (E636, E369 and D370; colored in red in the sequence alignment in
Figure 3.2). Their side-chains are shown in red and labeled. Hydrogen bonds formed between these negatively
charged residues of c13orf3 and positively charged residues of Bub3 (in dark blue; R97, K136, R180) are shown
as dashed red lines.
protein 1. The protein consists of 255 amino acids and forms a protein complex with
Ska2 and Ska3 (c13orf3) that is involved in SAC silencing.
3.3.1 Sequence-based analysis
No homology to conserved functional domains was identiﬁed by sequence-proﬁle searches.
Orthologs of Ska1 are present in vertebrata (e.g. mouse: ENSMUSG00000036223, frog:
ENSXETG00000008946) and also some invertebrata species including
C.elegans (Y106G6H.15).
Secondary structure prediction
The secondary structure of Ska1 was predicted with three diﬀerent algorithms. The
results are illustrated in Figure 3.4. The major part of the protein consists of a helical
structure, only a small region (aa 90-135) is probably disordered.
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Figure 3.4: Secondary structure prediction of Ska1
The secondary structure of Ska1 was predicted with PSIpred, Jpred and SSpro. The protein sequence of Ska1
is shown in the ﬁrst line. The results of the three prediction programs are visualized below the sequence. Red
bars labeled with α denote predicted helices and green arrows labeled with β denote predicted strands.
Discovery of a KEN-box
By linear motif search, I identiﬁed a KEN-box [121] in the Ska1 sequence (Figure 3.5).
The KEN-box is a small sequence motif of three amino acids, which is enriched in
proteins involved in cell cycle processes [122]. The KEN-box binds to the Cdc20 and
Cdh1 subunit of the APC/C complex causing proteasomal degradation of the KEN-
box-protein in the majority of the cases. Mad3 and its human ortholog BubR1 each
contain two KEN-boxes that are necessary for SAC activation [123]. The KEN-box
of Mad3 is a critical mediator of the inhibition of Cdc20 activity. Most likely it acts
as a competitive pseudo-substrate [124] to prevent the ubiquitylation and subsequent
degradation of securin by Cdc20/APC/C [125]. Thus, the KEN-box of Ska1 might
also bind to APC/C-complex, which could be important for its function in the spindle
assembly checkpoint.
BubR1_H.sapiens
Mad3_S.cerev.
Ska1_H.sapiens
21
25
83
36
40
97
EW E L SK EN VQ P LRQ G R
E IE TQ K EN ILP LK EG R
D IEH LK EN V - P SH LPQ
Figure 3.5: KEN-box in Ska1
Sequence alignment of Ska1-KEN-box with the N-terminal KEN-boxes of Mad3 protein from budding yeast
(Mad3_S.cerev.) and human BubR1 (BubR1_H.sapiens). The KEN-motif (aa 88-90) is highlighted in an
orange box.
3.3.2 Structure prediction results
As sequence-based methods did not succeed in identifying functional domains in Ska1,
structure prediction by threading was performed. Before applying fold recognition tech-
niques, the sequence of Ska1 was split in two parts: The interacting part of Ska1 (aa 1-63
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with Ska2 and aa 1-84 with c13orf3) was extended to aa 1-91, as the secondary structure
prediction suggests a structural domain in this region. The remaining C-terminal part
(aa 92-255) was not analyzed in detail with threading.
Discovery of 3-helical bundle
The N-terminus of Ska1 (aa 1-91) was threaded against the fold library pdb95, which
contains all PDB structures ﬁltered by 95% sequence identity. The 20 best ranked tem-
plate structures of the resulting list of possible hits were ﬁltered by complete template
coverage (FL/PL ratio) to reduce false positives (Table 3.3). The remaining 8 possible
protein families could serve as structural template for Ska1.
These possible structural folds were investigated carefully to determine true positive
hits (see column comment in Table 3.3). As the N-terminus of Ska1 is involved in
protein-protein interactions (PPI), the possible template should have a PPI-domain as
well. All except one of the putative folds for Ska1 share this property: The pdb structure
1rq8 (Rank3) belongs to the CRM domain family (PFAM ID: PF01985) that binds RNA
Table 3.3: Threading results for Ska1 N-terminus
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TP 1 1.05 32.4 2.8 6.6 6.2 11.7 85 89 a.47.6.1 2C5K T Vacuolar protein
sorting protein 51
(Tlg1)
SSElack 2 1.27 32.2 2.6 7.8 5.71 16.6 84 107 a.77.1.3 2DBD A Caspase recruit-
ment domain
protein 4
RNA 3 1.26 30.6 2.0 6.8 6.1 19.7 76 96 d.68.4.1 1RQ8 A conserved hypo-
thetical protein
TP 4 1.21 29.7 2.5 6.3 6.1 15.4 84 102 a.47.2.1 1VCS A t-SNAREs ho-
molog 1A
Gap 5 1.06 28.9 2.2 5.6 6.8 25.4 51 54 a.140.2.1 1JJR A Ku70
FuncRes 6 1.00 27.6 2.5 4.5 6.9 25.3 67 67 a.60.3.1 1Z3E B Regulatory protein
spx
FuncRes 7 1.02 27.4 2.4 4.9 6.5 22.7 66 67 g.50.1.1 1VFY A PIP3 binding
FYVE domain of
VPS27
FuncRes 8 1.03 27.1 3.1 5.9 5.2 14.2 70 72 a.60.1.2 1B0X A EPHA4 receptor
tyrosine kinase
Top20 results of threading with pdb95 are ﬁltered by 0.6<FL/PL<1.3 resulting in 8 possible hits. Only best
hit per protein family is shown. Results are ordered by Threading index. FL: foldlength, PL: pathlength,
ThdIdx: Threading-Index (normalized score of ProHit z-scores), Z-pair/surf/seq: Z-scores obtained by ProHit
fold recognition (section 2.2.2), %Id: percent of sequence identity, SCOP: SCOP family Id, PDBdescr: shortened
description from PDB header, TP: true positive, SSElack: Secondary structure elements of template lack in
alignment, RNA: template structure binds RNA ,Gap: big gaps or insertions (>15 aa) in alignment, FuncRes:
important functional residues in fold missing in alignment with Ska1.
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and is therefore considered as false positive. Rank 1 and 4 are considered as possible
true positives as the other predictions were discarded because of lacking secondary
structure elements (SSElack), too big gaps in the sequence-to-structure alignment (Gap)
or dissimilar residues aligned to important functional residues in the template protein
family (FuncRes). For example, the template structure of Rank 7 (pdb:1vfy, chain A)
is a FYVE domain containing a conserved cysteine pattern in the fold to bind two zinc
ions. As these cysteins are not present in the aligned Ska1, the important functional
residues are missing, and the result is considered as false positive.
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Figure 3.6: Ska1 model as 3-helical bundle
Left panel: Ribbon representing the 3D model of the N-terminus of human Ska1 (aa 1-86) as a putative spectrin-
repeat-like fold consisting of a three-helical bundle. Residues of KEN-box shown with orange sticks. Right panel:
Sequence-structure alignment of the N-terminus of Ska1 and the template X-ray structure of SNARE Tlg1
(pdb:2c5k, chain T) used for comparative modeling. Residues are colored according to their physicochemical
properties. Residues in the core of the 2ck5 structure are labeled with c" below the sequences. Secondary
structure prediction of Ska1 and secondary structure of template pdb:2c5k are shown below the sequences with
thick red lines indicating α-helices.
Rank 1 (pdb:2c5k, chain T) and 4 (pdb:1vcs, chain A) both belong to the Spectrin-
like protein family, a 3-helical bundle involved in protein-protein interactions to spec-
trins, SNAREs and syntaxins [126]. To further investigate the possibility that the
N-terminus of Ska1 is a remote homolog of the Spectrin-like protein family, threading
was performed with a fold library only containing templates of this family. Analy-
sis of the results indicated that Ska1 aligns consistently in the same way to most of
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the other Spectrin-like protein structures, hence strengthening the structural predic-
tion. The template Tlg1 (pdb:2c5k.T, 2.05Å resolution) [127] also ranked best in this
family-based fold library and was evaluated further. The good quality of the sequence-
to-structure alignment was conﬁrmed by obtaining the same alignment when the full
size Ska1 protein was threaded against the template structure of Tlg1. In Figure 3.6, the
sequence-to-structure alignment and the modeled 3-helical bundle are shown. Ska1 and
Tlg1 share 11,8% sequence similarity and the RMSD of the Cα-atoms of 3-dimensional
model and the template structure is 1,26Å. The secondary structure prediction of Ska1
matches the structural elements of the template to a big extend.
After Ska1 (aa 1-91) was modeled on this structural template, I evaluated the quality
of the 3-dimensional model. Nearly all residues constituting the hydrophobic core are
very well conserved (indicated with c in Figure 3.6) leading to a good packing of
the protein core in between the three helices. The model structure was further reﬁned
by a 5ns molecular dynamics (MD) simulation. RMSD values of the of Ska1 model
converge over time indicating that the overall fold stays compact along the simulation
(Figure 3.7a). As a reference, MD-simulation of the X-ray structure of the template
Tlg1 (pdb:2c5k) generated a similar result (Figure 3.7c), but the RMSD remains at a
lower level than in the Ska1 model (1,5 vs. 3,5 Å). Separate analysis of the RMSD
of diﬀerent structural elements in the Ska1 model revealed that the helix core stays
compact, while the loops are more ﬂexible in the MD simulation (Figure 3.7b).
a b cSka1_model: total Ska1_model: helices vs. loops 2c5k_template: total 
Figure 3.7: Molecular dynamics simulation of Ska1 model
The RMSD of the backbone heavy atoms along a molecular dynamics simulation is shown for: a) all residues
of the Ska1 model, b) the residues in the helices (red) and loops (green) of the Ska1 model separately c) all
residues of the template Tlg1(pdb:2c5k.T). The time in ps is depicted on the x-axis, the RMSD in Å is displayed
on the y-axis.
Taken together, the results of the threading and model evaluation steps favor the
structural hypothesis for the N-terminal part of Ska1 adopting a spectrin-like fold.
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Molecular interface of Ska complex
My goal was to establish a molecular model of the complex interface. The potential 3-
helical bundle of the N-terminal region of Ska1 describes one component of the interface
of the Ska complex. Therefore, structural models of the interacting parts of Ska2 and
c13orf3 were needed.
To obtain a structural hypothesis, I performed threading (with the pdb95 fold li-
brary) for the two other interaction domains: the N-terminal part of c13orf3 (aa 1-170)
and the full Ska2 protein. I analyzed the results in the same way as described above for
the Ska1 N-terminus: All sequence-to-structure alignments of the best scoring threading
results were investigated to sort out false positives. False positives were identiﬁed by
having large gaps or insertions, lacking secondary structure elements in the alignment
or not covering the complete template. Additionally, only the folds that are known
to be involved in protein-protein-interactions were considered as possible true positive
results.
After applying this ﬁlters, two possible folds remained for c13orf3: CH-domain
(SCOP: a.40) and α/α-superhelix (SCOP: a.118). For Ska2, three possible true pos-
itives were considered: N-cbl like (SCOP: a.48), 4-helical-bundle (SCOP: a.28) and
SAM-domain (SCOP: a.60). All these putative structure predictions were modeled and
evaluated in detail regarding the following characteristics (results are shown in Table
3.4): consistency in the alignment within the fold family and within full query protein
sequence, matching secondary structure elements (predicted vs. template structure),
the conservation and packing in the hydrophobic core and the model quality in a MD
simulation. In both c13orf3 and Ska2, none of the proposed folds could be identiﬁed as
the true positive, as evaluation of the above listed characteristics was not positive in all
cases (negative evaluation is marked with - in Table 3.4). Thus, I could not derive a
conﬁdent structure prediction for these two interacting domains.
With these uncertainties in the structural prediction of the three partner proteins, it
was impossible to assemble a molecular model of the complex. I investigated the possible
combinations of the multiple structural predictions for the Ska complex with respect to
already annotated domain-domain-interactions (according to the databases SCOWLP
and 3did [126, 128]). But, despite using this additional information, I did not succeed
in building up a 3-dimensional model of the trimeric Ska complex. Consideration of
experimental data on Ska complex formation (complex constituted in a 2:2:2 ratio and
potential role of Ska1 as scaﬀold for binding of Ska2 and c13orf3 [110]) did not result
in further progress either.
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Table 3.4: Evaluation of possible true positive folds for c13orf3 (aa 1-170) and Ska2
query SCOP-fold SCOP-descr. P
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c13orf3 a.40 CH-domain 1p2x.A 14.9 + - + + + ◦
(aa1-170) a.118 α/α-helix 1rw2.A 17.4 + ◦ + + ◦ -
a.48 N-cbl like 1fbv.A 16.2 + ◦ nd nd ◦ -
Ska2 a.24 4-helix bundle 1vls.A 10.8 + - nd nd + ◦
(full) a.60 SAM-domain 1d8b.A 15.4 + - nd nd ◦ ◦
Summary of model evaluation for the possible true positive folds. For each fold, SCOP-fold-ID (SCOP-fold), the
fold description (SCOP-descr.), the best ranked PDB template (PDB-ID and chain, PDB) and the percentage
of sequence identity (%ID) are shown. '+', '◦' and '-' mark positive, intermediate and negative results in the
evaluation steps: predicted secondary structure matches the template structure (SSP), query aligns to other
members of the fold family in a similar way (AL-fold), query aligns in the same way to the full protein sequence
(AL-full, only applicable for c13orf3), known phosphorylated residues (S34+S155 in c13orf3) are accessible in
proposed fold (phospho, only applicable for c13orf3), good packing of the hydrophobic core residues (core-pack),
stability (convergence of the RMSD and visual inspection) in a 5ns MD simulation (MD). nd : not determined,
not applicable to Ska2.
In summary, a substantiated structural prediction for one of the interacting domains
could be made, but the molecular interface of the Ska complex still remains unknown.
3.4 Discussion
3.4.1 GLEBS motif in c13orf3
Molecular function c13orf3-GLEBS
The putative GLEBS motif of c13orf3 provides a potential interaction to Bub3 medi-
ated by three conserved negatively charged residues (Figure 3.2 and 3.3). The following
putative molecular mechanism might explain how the GLEBS motif is involved in estab-
lishing the function of c13orf3: As the function of Ska complex proteins is contrary to
the other Bub3-interactors Bub1 and BubR1, there might be competition between the
diﬀerent proteins with GLEBS-motifs. After proper kinetochore-microtubule bi-polar
attachment, c13orf3 could displace Bub1 and BubR1 from the kinetochore by binding
itself to Bub3. Bub1-GLEBS is essential for kinetochore localisation while the SAC is
active [129]. The mechanism for checkpoint inactivation is not known, but an active
mechanism that results in a (partial) loss of kinetochore localisation of SAC proteins
was suggested [107]. The stripping of Mad1 and Mad2 from kinetochore is dependent
on dynein [130], but the molecular cause of displacement is unknown for the other SAC
proteins. It is possible that the Ska complex, especially c13orf3, is part of this un-
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known mechanism by taking over the Bub3 binding with its GLEBS motif and thereby
releasing ﬁrst Bub1 and BubR1 and afterwards also Bub3 from the kinetochore. How
this could be achieved is not known, but there are two experimental observations, pub-
lished after ﬁnishing this study, which support this model: First, Bub3 was isolated
after non-stringent immunoprecipitation of Ska1 [111]. As Ska1 is known to build up
an obligate complex with c13orf3 [131], this interaction to Bub3 could be mediated by
c13orf3. Second, Daum and co-workers showed accumulation of Bub1 at kinetochores
after c13orf3 depletion by RNAi [113], suggesting that the active mechanism for Bub1
displacement is missing upon knockdown of Ska complex proteins.
As there are two phosphorylated threonines in the region of the probable GLEBS
motif, the binding process might be regulated by phosphorylation. Kinases from the
MAPK-family, which presumably cause the modiﬁcation of T358 and T360 (Table 3.1),
have already been shown to play an important role in SAC regulation. For example,
there are still unknown substrates for BubR1 kinase [108] and c13orf3 could be one
of them. A possible molecular mechanism might be activation by dephosphorylation:
Upon sensing the proper chromosomal attachment at the kinetochore, BubR1 activity
might be silenced and thus c13orf3 phosphorylation would be reduced. Maybe c13orf3
can only bind to Bub3 in a dephosphorylated form. It was shown that BubR1 kinase
activity blocks anaphase and c13orf3 is dephosphorylated after SAC inactivation and
anaphase onset [110]. Thus, it might be possible that the SAC is turned oﬀ by decreasing
the inactivating phosphorylations of c13or3 that regulate the interaction to Bub3.
Two distinct predictions of GLEBS motif
Based on sequence alignment, Gaitanos and co-workers proposed a GLEBS motif in
another part of c13orf3 [110], namely in the N-terminus as represented in Figure 3.8.
I performed a comparative analysis of the two suggested GLEBS positions regarding
sequence identity, secondary structure prediction and threading results:
 Sequence similarity: The C-terminal putative GLEBS motif of c13orf3 shows
the highest sequence similarity to the GLEBS motif of human Nup98 (22,9% ID)
and the lowest to human BubR1 (13,2% ID). The N-terminal putative GLEBS
motif of c13orf3 shows the highest sequence similarity to the GLEBS motif of
human Bub1 (25,0% ID) and the lowest to human BubR1 (8,3% ID). Thus, the
two predictions are very comparable in respect to sequence identity to known
GLEBS motifs.
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Figure 3.8: Putative GLEBS motifs in N- and C-terminus of c13orf3
Sequence alignment of the two suggested GLEBS motifs of human c13orf3 with other GLEBS motifs based
on the sequence-structure alignment of c13orf3 with Bub1-GLEBS of S. Cerevisiae (2i3s, chain B) obtained
by threading and multiple sequence alignment of the GLEBS motifs. Residues are colored according to their
physicochemical properties. Secondary structure of the template Bub1_Sc (pdb 2i3s.B) and consensus secondary
structure prediction of c13orf3 in N- and C-terminus (Figure 3.1) is shown below the sequences with thick red
lines indicating α-helices. H.sap.: Homo sapiens, S.cerev.: Saccaromyces cerevisiae, SSP: Secondary Structure
prediction
 Secondary structure prediction: The predicted secondary structure of the
C-terminal GLEBS matches almost exactly to the experimentally observed struc-
ture of the X-ray structure of Bub1_Sc, whereas the predicted helices for the
N-terminal putative GLEBS diﬀer in size and position (Figure 3.8). For this
reason, the comparison of consensus secondary structure prediction clearly argue
towards a C-terminal GLEBS-motif.
 Fold recognition: By threading the full length sequence of c13orf3 protein
against the known crystal structures of GLEBS motifs, the C-terminal region
is chosen as best scoring alignment to the GLEBS. In a threading run of only
the N-terminal part of c13orf3 (aa 1-75) , the proposed alignment (aa 7-42) is
not reported and instead the GLEBS motif aligns to another region (aa 40-70).
Furthermore, the three negatively charged interaction residues are not aligned to
negatively charged residues of c13orf3. These results serve as argument against a
functional GLEBS motif in the N-terminus of c13orf3.
In summary, the comparative analysis favors a GLEBS motif in the C-terminus of
c13orf3. Additionally, the N-terminal domain of c13orf3 is involved in binding to the
other Ska proteins and hence probably not in complex with other proteins. However, it
is also possible that c13orf3 possesses two distinct GLEBS motifs.
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3.4.2 KEN-box in Ska1
The discovery of the KEN-box in Ska1 provides a direct link of the Ska complex to the
APC/C, a very important protein complex to release the spindle-assembly checkpoint.
Ska1 might maintain the contact to the APC/C complex after the release of the SAC
(displacement of Bub1 and BubR1) and thus having a scaﬀolding function in bridging
the APC/C and the kinetochore. As Ska1-KEN has a very similar sequence to the
Mad3/BubR1 KEN-box (Figure 3.5), which are not degraded upon APC/C binding, it
is likely that the KEN-box of Ska1 only binds to APC/C and does not act as a trigger
for Ska1 degradation.
After ﬁnishing this part of my thesis, it was shown that the APC/C complex is
signiﬁcantly depleted from human kinetochores in c13orf3-deﬁcient cells [131]. As de-
pletion of one member results in loss of the complete Ska complex at the kinetochore,
this might be due to the missing KEN-box of Ska1. Thus, as the newly discovered KEN-
box in Ska1 provides a possible molecular mechanism, this observation substantiates the
importance of my results.
3.4.3 Prediction of molecular interface of Ska complex
Structure prediction of the three interacting domains of the Ska proteins was not success-
ful. I could only derive a well-founded structural hypothesis for one of the interacting
domains. Combining the ambiguous results for the other two interacting domains with
data on known domain-domain interactions could not assist in the establishment of the
molecular complex structure.
Fold recognition techniques do not always return signiﬁcant results and remote ho-
mologies cannot be identiﬁed. Even in this study, where detailed experimental data on
biological function and interacting parts could guide the threading analysis, applying
these methods did not lead to a conﬁdent structural prediction. This is due to several
possible reasons: a) no suitable template in the fold library as the query sequence adopts
a novel fold, b) the homology to the correct template is so remote that the structural
resemblance is not detectable as the scoring function ranks the true positive too low
or false positives with similar scores are not possible to sort out, c) the sequence parts
taken as input for fold recognition could be wrong, i.e. dissimilar to the native globular
domains of the protein or d) regions of the query sequence might be naturally disordered
or only fold into a globular domain upon interaction.
In summary, even though the interacting parts of each protein were known from
experimental studies, the goal of predicting the molecular interface of the Ska complex
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might have been too ambitious. Signiﬁcant advances in the methodology of fold recog-
nition as well as more experimental data on protein structures are needed to reach this
goal.
3.4.4 Conclusion and outlook
In this chapter, I presented and discussed the results of the characterization of the Ska
proteins by application of sequence- and structure-based computational methods that
added signiﬁcant aspects to the functional annotation of this protein complex.
I could show the applicability of including experimental information in structure (and
function) prediction of remote homologs: The putative GLEBS motif of c13orf3 was
predicted by reducing the fold library to template structures that are known to be in-
volved in the spindle assembly checkpoint. Knowledge of the region of Ska1 that is
involved in protein-protein interactions guided the prediction of the 3-helical bundle
of Ska1. These are two examples how integration of functional information improves
fold recognition results by identifying and minimizing false positive predictions. Fur-
thermore, as the sequence identity between query and template was low in both cases
(19% in c13orf3 and 12% in Ska1), sequence-based methods could not identify these
possible remote homologies, which shows the importance of structure-based methods in
template detection.
Protein structure prediction opens the door to investigate the molecular mechanisms of
the gene of interest as more focused experimental approaches to gain deeper insight in
the molecular function are facilitated by knowing the 3-dimensional structure. In this
study, for example, experimental data of deletions or point mutations of the GLEBS
motif in c13orf3 or the KEN-box in Ska1 would be the next step to verify my compu-
tational predictions and thus getting one step closer to unravel the complete molecular
function of the Ska complex.
The comparative analysis of the two suggested GLEBS motifs (section 3.4.1) em-
phasizes the importance of applying structure-based methods in functional annotation
and not only considering sequence similarity. The two possible positions in c13orf3
exhibit the same sequence similarity to known GLEBS motifs but secondary structure
prediction and threading results favor the C-terminal GLEBS.
Nevertheless, sequence-based methods should not be ignored as they can also add
potential molecular mechanisms to the observed phenotype. The KEN-box of Ska1 is a
good example for that.
In addition, one should consider that fold recognition techniques do not always return
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signiﬁcant results (reasons are discussed above in section 3.4.3). But, despite the uncer-
tainties and limitations, these methods are currently the most successful way to discover
functional domains without detectable sequence similarity.
The results presented in this chapter encouraged me to further pursue my goal of func-
tional annotation of uncharacterized proteins by structure-based computational meth-
ods.
The diﬀerent sequence- and structure-based methods, which I applied to derive the
functional predictions for the characterization of the Ska complex, were used in a small
scale as individual tools and their results were analyzed and combined manually. As
I could show that the approach to combine threading techniques with experimental
functional information can be successful, I was interested how this method could be
automated to be able to use these structure-based methods for functional annotation
of uncharacterized proteins on a larger scale. My contribution to collaborative work
aiming at the development of a high-throughput pipeline for structure-based functional
annotation is presented in the next chapter.
3.5 Methods
Several web-servers and commercial programs were used to generate the results of this
chapter. All programs were used with default parameters, unless otherwise stated.
3.5.1 Sequence-based methods
Analysis of gene and transcript structure as well as ortholog searches were carried out
based on the ENSEMBL database (version 50) [132].
Conserved domains were searched by several sequence-proﬁle-based algorithms: SMART
[69], CDD [133], PFAM [67] and Prosite [68].
Linear motif search was performed with the ELM server [73].
Secondary structure predictions were performed with PSIpred [116], Jpred [117] and
SSpro [118]. A consensus prediction from these three predictions was derived manually
by compiling all regions where the three programs agree.
MUSCLE [134] was used for multiple-sequence alignments.
Alignments and sequence feature visualisation were performed with Jalview [135] by
applying the Zappo colouring scheme (color residues by physicochemical properties)
and emphasizing conserved positions in the alignment.
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3.5.2 Structure-based methods
Threading analysis of the Ska protein sequences was performed with the program ProHit
(Proceryon GmbH) with the following parameters: Gap opening penalty - 250, Gap
elongation penalty - 15, Maximal allowed gap length - 30, Minimum fragment size -
5. A fold library containing 20.008 chains from the PDB (pdb95) was used in the
analysis of the interacting parts of the Ska proteins. To identify false positive hits,
the following alignment properties were evaluated: length of gaps or insertions (>15aa
was considered as false positive), lacking secondary structure elements in the alignment,
coverage the complete template (Foldlength/Pathlength ratio below 0.6 or above 1.3)
[8] and conservation of key functional residues of the template. GO-terms according to
the observed RNAi phenotype were used reduce the fold library and thus distinguish
possible true hits from false positives in the analysis of c13orf3 C-terminus.
An automatic update of the SCOP classiﬁcation, which was developed in my research
group, was used to annotate the template structures in the threading results.
3D models were generated with the selected structural templates and further reﬁned by
using the Discovery Studio package (v1.7, Accelrys, San Diego, CA). The core residues
of Tlg1 were deﬁned by having an accessible surface area smaller than 15%, which was
calulated with Discovery Studio. The RosettaDock Server [136] was used to dock the
modeled human c13orf3-GLEBS and Bub3 structures, and the complex with the highest
score was selected after visual inspection.
Molecular dynamics simulation was performed with AMBER8 [137] using the ﬀ03 force
ﬁeld, explicit water (TIP3PBOX, 2Å width) and a standard protocol of minimization
(3000 steps), heating (10ps to 300K), equilibration (30ps) and molecular dynamics (5ns).
The RMSD was calculated with AMBER for the backbone heavy atoms.
SCOWLP [128] and 3did [126] were used as resource for annotated domain-domain-
interactions.
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Chapter 4
Development of tools for a
computational framework for
structure-based functional
annotation
This chapter describes the development of computational tools that were implemented
in an automatic framework for functional annotation of uncharacterized proteins us-
ing structure-based methods. The complete computational framework was built up in
collaboration with members of my group and is called StrAnno.
After a short introduction to this chapter (section 4.1), I present the computational
modules that I developed for StrAnno (section 4.2). Then, I describe how I integrated
these novel tools together with existing tools into a computational framework (section
4.3). Finally, further directions are discussed and conclusions are drawn (section 4.4).
4.1 Introduction and aim
The characterization of the Ska complex (chapter 3) was my starting point to develop
computational tools that facilitate structure-based functional annotation of uncharac-
terized proteins. In the study of the Ska complex, I experienced that the challenging
parts for automation of fold recognition techniques are the correct cutting of the se-
quence in domain-like parts and, maybe most important, the evaluation of structure
prediction results. A sophisticated post-processing of the results, which integrates ad-
ditional information and allows ﬁltering, is required to reduce false positives in the
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threading results list.
My goal was to generate a computational framework to be able to analyze hit lists
from RNAi screens with fold recognition methods. Some useful computational tools
towards a more automated procedure of structure prediction by threading were already
developed by my colleague Aurélie Tomczak , e.g. the prediction of non-globular regions
(section 4.3.2) or Structure-to-Function Connector (section 4.3.4). However, there were
still many needs in order to make it suitable for large-scale application. These chal-
lenges include the preparation of the query sequences as well as the post-processing of
the structure prediction results (details in section 4.2). My aim was to implement novel
computational tools that accelerate the process of functional annotation by structure-
based methods and allow high-throughput application.
4.2 Development of novel computational tools
I developed novel computational modules that facilitate the generation and analysis of
structure prediction results by threading. I used the Python programming language to
implement these tools. The ﬁrst three modules automate the pre-processing of the input
sequences for threading: Hit selection (section 4.2.1), secondary structure prediction
(section 4.2.2) and domain prediction (section 4.2.3). The latter two modules facilitate
the analysis of the results by automatic post-processing: Domain coverage ﬁlter (section
4.2.4) and Feature Alignment Analyzer (section 4.2.5).
4.2.1 Hit selection
Multiple query protein sequences from a hit list of a RNAi screen are the input for the
initial module. As the focus of my work is to functionally annotate uncharacterized
proteins, I developed a method to automatically retrieve functional information for the
input sequences to be able to ﬁlter out the already characterized proteins.
The Uniprot database was used to investigate possible functional annotation of
query proteins. Before retrieving information, I mapped the input protein sequences
to Uniprot IDs by sequence alignment. As protein identiﬁers may change or have
ambiguous annotation, sequence data was used in the mapping to avoid errors. After
successful mapping to Uniprot IDs, the following information for each query protein can
be retrieved:
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 Structural domains: domain annotation from InterPro, PFAM, SMART and Prosite
(domains of unknown function (DUFs) were not considered) and 3-dimensional
structural data from PDB
 GO-terms: functional annotation from Gene Ontology (dubious terms were not
considered: inferred from electronic annotation (IEA) and non-traceable author
source (NAS))
 keywords and features: functional information added by Uniprot consortium -
regions, domains, ligands, mutational data, post-translational modiﬁcations and
disease-association
This information is stored in a MySQL-database, which allows straightforward and
ﬂexible ﬁltering that can be adjusted to the application case.
4.2.2 Consensus secondary structure prediction
The prediction of secondary structure is a well-established technique. The accuracy of
most available algorithms is around 80-85% [138]. My experiences from the Ska proteins
showed that the knowledge of predicted secondary structure was crucial to predict do-
main boundaries and to evaluate the structure prediction results. On the other hand, I
also experienced that there are discrepancies between diﬀerent algorithms as illustrated
for Ska1 and c13orf3 in chapter 3 (Figure 3.4 and 3.1). As the secondary structure pre-
diction is the basis for the following domain prediction of the query sequences (section
4.2.3), the result should be as accurate as possible.
Thus, I developed an automatic consensus predictor for secondary structure because
consensus approaches were shown to perform better than single predictions [138]. I
integrated three established algorithms: SSpro [118], PsiPred [116] and ProfPHD [139].
I selected these algorithms by good performance in recent evaluations [138] and a stable
in-house installation with possible batch mode. All three predictors have at least three
possible outcomes for each residue: helical (H), strand (E) and coil/unstructured (C).
The consensus prediction was implemented applying a majority rule: If at least two
out of the three programs agree on one of the three possible secondary structures,
this prediction is accepted. If the three prediction programs disagree, the residues in
structured regions predominate (H+E compared to C). In this case, I assigned a newly
introduced fourth category S (structured) to the residue.
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4.2.3 Domain prediction
This module aims at predicting structural domains in proteins that might contain mul-
tiple domains. This is essential as most eukaryotic proteins are composed of more than
one domain [140] and fold recognition methods are in general optimized for single do-
main predictions. The scoring and ranking system of the ProHit threading algorithm,
which is used in this work, does not succeed in identifying remote homology to sin-
gle domains in a multi-domain query protein as the ﬁnal score (Threading Index) is
normalized by the length of the query sequence (section 2.2.2).
There are several domain-prediction algorithms available, which are mainly based
on sequence homology to annotated domains [141]. As input sequences for fold recog-
nition algorithms do not exhibit signiﬁcant sequence homology to annotated domains, I
decided to apply an alternative approach to cut the input sequence in domain-like parts:
The consensus secondary structure prediction (SSP) is utilized to split the sequence in
regions where no structural elements are predicted. I developed a cutting algorithm
that is illustrated in Figure 4.1.
17 x C
MinCoil
HHHHHHCCCEEESCCCCCCCCCCCCHSSHSHHCCHCCCCHHSCCCCCCCCCCCCECCCCHHHHHHHHHHHHHHCCCHHHHHHHHCCCCCCCHHHHHHHHHHHHHHCCCCCCHHHHHHHCCCCCCCCCCCCCCHHHHHHHHHHHHHHCCCCCCEEHHHHHHHHH
14 x C12x C
cutting position
MinDom
HHHHHHCCCEEESCCCCCCCCCCCCHSSHSHHCCHCCCCHHSCCCCCCCCCCCCECCCCHHHHHHHHHHHHHHCCCHHHHHHHHCCCCCCCHHHHHHHHHHHHHHCCCCCCHHHHHHHCCCCCCCCCCCCCCHHHHHHHHHHHHHHCCCCCCEEHHHHHHHHH
14 x C12x C
MinDist
MinDom
Step 1
Step 2
Figure 4.1: Schematic illustration of sequence cutting algorithm by secondary structure
prediction
The region with the longest stretch of unstructured residues (here: 17x C), which has to be superior to a minimal
length (MinCoil), is cut in the middle if the two remaining parts are still bigger than a minimal domain length
(MinDom) (Step 1). The sequence is cut again if the second longest stretch of unstructured residues (here:
14x C) is more than the MinDist range away from the ﬁrst cutting site and the minimal domain length of the
resulting parts satisﬁes the constraints (Step 2).
The algorithm to cut the query sequence in domain-like parts works as follows: The
longest stretch of unstructured residues (predicted with C) in the SSP is searched
(single H, E or S are allowed in the search), and the sequence is cut in the middle of the
coiled stretch. Then, the second longest sequence of coiled residues is searched and cut
in the middle. This loop continues until no cutting position can be found anymore. The
cutting positions have to satisfy certain requirements that can be set as parameters:
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 MaxDom: the maximal domain length; if sequence is longer, the algorithm will
be started to ﬁnd cutting sites according to the secondary structure prediction
(default: 200)
 MinCoil : the minimal number of consecutive, unstructured residues where the
sequence might be cut (default: 10)
 MinDom: the minimal length of a domain; if a sequence cut would produce se-
quence parts smaller than this parameter, the cutting site is rejected (default:
50)
 MinDist : the minimal distance between two cutting positions (default: 100)
These four parameters can be adjusted by the user in each new run. It is known that the
average domain length is around 150 residues [142]. When using the default parameters
in a test with 30 random protein sequences, I found that the average length of the
sequence parts was 137 amino acids, which agrees with the average domain length.
The input sequences are then prepared for the threading step as the longer sequences
are split in domain-like parts.
4.2.4 Domain coverage ﬁlter
The domain coverage ﬁlter is a computational module that I developed for the post-
processing of the structure prediction results. The result ﬁle of ProHit and other thread-
ing algorithms has several shortcomings, which make it diﬃcult to integrate it in a high-
throughput computational framework: the annotation and structural classiﬁcation of
the templates is incomplete, there is no link to the functional annotation of the template
structures and the result list contains a high rate of false positives.
The ﬁrst two mentioned disadvantages have already been addressed by my col-
leagues. An automatic update procedure for the structural classiﬁcation of SCOP was
developed to complete the domain annotation. Furthermore, the link to functional in-
formation was already integrated. GO-terms and keywords are linked to the templates
and a speciﬁc functional association can be highlighted by color or ﬁltered automatically
(section 4.3.4).
Therefore, I put my focus on the reduction of false positives: The extended structural
classiﬁcation allows to map the domain(s) of the template that are covered by the
alignment with the query sequence. As only completely aligned domains are possible
true positives in threading, the domain mapping gave me the possibility to introduce
an accurate ﬁltering step by discarding false positives that align only partially to the
structural fold of the template. Previously, in the analysis of the Ska complex (chapter
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3), the Foldlength/Pathlength (FL/PL) ratio between 0.6 and 1.3 was used to ﬁlter out
not fully covered templates. This was already a good approximation to automatically
remove a high number of false positives, but the FL/PL ﬁlter also removes possible true
positive multi-domain templates, where only one domain aligns to the query sequence (as
illustrated in Figure 4.2). My implementation of the domain coverage ﬁlter (DomCov)
is a great improvement for trustworthy automatic ﬁltering. It is set at 70% domain
coverage per default.
Domain 1 Domain 2 Domain 3 template
query
Pathlength (150aa)
Foldlength (450aa)
DomainAlign (110aa)
DomainLength (120aa)
FL / PL = 450 / 150 = 3
DomCov = 110 / 120 = 92 %
Figure 4.2: Foldlength/Pathlength ratio versus Domain Coverage
Schematic illustration of a query sequence (brown) aligned to a multi-domain template structure (light green with
domains indicated in dark green). For the FL/PL ratio, the ProHit output values Foldlength and Pathlength are
considered, resulting in a FL/PL ratio of 3, which would be considered as false positive. The domain coverage
(DomCov) is calculated with the percentage of DomainAlign to DomainLength, both identiﬁed by the domain
assignment implemented in the SFC. In this example, the query sequence covers almost the complete domain 3
of the template (DomCov= 92%) and is a possible true positive hit.
The domain coverage calculation is an essential automatic ﬁltering step for large-scale
approaches as the false positives rate in the structure prediction results is reduced.
4.2.5 Feature Alignment Analyzer
Another big disadvantage in the analysis of fold recognition results is the lack of a graph-
ical overview of the results. Each sequence-to-structure alignment can only be analyzed
separately, which is time-consuming and makes it diﬃcult to compare alignments. To
facilitate and accelerate the analysis, I developed and implemented an algorithm, which
is called Feature Alignment Analyzer (FAA).
I developed the FAA to be able to judge results faster in a graphical overview of the
alignments. The FAA provides a visual representation of the threading results focusing
on alignment quality (gaps, consistency of family alignment, matching secondary struc-
ture elements) and detailed functional annotation on residue level. A snapshot of the
graphical output (HTML format) of the FAA is shown in Figure 4.3.
The core of this module are the central images that are generated for each query
and template. The FAA exhibits the following important features:
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a) 1-to-many alignment:
In the output ﬁle from threading, the sequence-to-structure alignments are in 1-
to-1 relationship with gaps in both sequences. To be able to compare alignments
at a glance, I programmed an algorithm to convert these 1-to-1 alignments into a
1-to-many alignment. This is achieved by representing the query sequence without
gaps and calculating gaps and insertions on the level of the template sequence. A
fast visual comparison of alignments to diﬀerent templates is possible, which could
only be achieved in several manual steps if only the original threading results were
used. The 1-to-many alignment allows, for example, to investigate if the query
sequence consistently aligns to the same fold in the same way.
b) Evaluation of alignment quality:
Another advantage of the graphical representation is the possibility to judge the
overall quality of the alignments faster than previously. Missing secondary struc-
ture elements in the middle of the template structure are not detected by the
domain coverage ﬁlter (calculated with start and end positions of domains, sec-
tion 4.2.4), but can be recognized with the FAA. Furthermore, large gaps and
insertions, which might be a sign for a false positive hit, can de identiﬁed and
analyzed faster (Figure 4.3 C).
c) Secondary structure comparison:
The consensus secondary structure prediction of the query (section 4.2.2) is shown
in the ﬁrst line and can be compared with the aligned secondary structures of the
PDB templates in a straightforward way. Matching secondary structural elements
(SSE) suggest a possible true positive hit while big diﬀerences between query and
template or non-aligned SSEs indicate a false positive in the list (Figure 4.3 E).
d) Functional sequence features:
The key functional residues of the template structures annotated in Uniprot are
mapped onto the sequence and marked on the image of the template structure. For
example, in Figure 4.3 D, ATP-binding- and active site residues of the template
structure are shown. They are indicated according to their conservation to the
query sequence in the sequence-to-structure alignment. To score the sequence
similarity, the BLOSUM62 substitution matrix is applied. These similarity values
are displayed with diﬀerent colors in the image.
Additional advantageous features were integrated in the HTML-framework of the FAA,
such as the web-links to PDB- and SCOP-annotations of the template and the Jalview-
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query
template
query sequence
Figure 4.3: The Feature Alignment Analyzer
Upper Panel: The FAA provides a visual representation of the sequence-to-structure alignments in a HTML-
format. A 1-to-many alignment of the query sequence in the ﬁrst row (in red, with its predicted secondary
structure in blue/turquoise/yellow bars) to three diﬀerent template structures in the following rows is shown
here. For each template, the green bar represents the sequence while the blue or yellow bars show the secondary
structure elements of the template. The SCOP-classiﬁcation of the template is shown in the table and the
domain boundaries are indicated in the picture (A). The alignment ﬁle is linked to the Html-output and can be
seen in a pop-up window by clicking at the Jalview button (B). The quality of the alignment can be judged
by analysing gaps (dotted lines) and insertions (sequence stretches above the main sequence) of the template
sequence in respect to the aligned query sequence (C). Lower Panel: A detailed view of one query sequence
aligned to one template structure. The functional features are mapped on the template sequence and colored
according to their conservation in the query sequence (D). The secondary structure prediction of the query can
be easily compared with the structural elements of the template (helix in blue, strand in yellow) (E).
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applet [135] to visualize the sequence alignment of query and template in a pop-up
window in the same HTML-page.
Importantly, the FAA provides the possibility to ﬁlter the result list to compare and
analyze only a certain subset of the original threading results in the graphical overview.
For example, it is possible to ﬁlter by a certain SCOP classiﬁcation to investigate if the
query sequence aligns to diﬀerent template structures of the same structural family in
a consistent way.
In summary, the Feature Alignment Analyzer provides an automatically generated
graphical representation of the threading results in a 1-to-many alignment substantially
facilitating the analysis and evaluation. Thus, false positives can be identiﬁed more
rapidly, making this module very important for large-scale application of fold recognition
methods.
4.3 StrAnno - Integration of computational modules
After my development of the above described computational tools, I went on to combine
them with already existing modules to build up a computational pipeline. I integrated
other modules that had already been developed by Aurélie Tomczak. I designed a
framework, which I called StrAnno 1.0, to process hit list from RNAi screens and to
analyze the structure prediction results. Afterwards, my colleague Rainer Hausdorf
joined the project to improve important technical aspects (performance, stability and
data management) and user-friendliness and implemented a few new modules (StrAnno
2.0 ).
4.3.1 Overview of StrAnno
An overview of StrAnno 1.0 is shown in Figure 4.4. It consists of three parts:
A) Pre-processing: ﬁlter input sequences for uncharacterized proteins, remove non-
globular regions and cut sequences in domain-like pieces
B) Fold recognition: central step of protein structure prediction
C) Post-processing: automatic analysis and ﬁltering of threading results to decrease
false positive predictions
These three modules are connected in a high-throughput computational pipeline. To
create a well-founded structure and function hypothesis, manual evaluation of the re-
sults from the computational pipeline is necessary. This is done by applying molecular
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modeling techniques, literature research and iterative usage of some of the StrAnno
modules (blue arrows in Figure 4.4). The modules of StrAnno that I designed and
implemented myself are highlighted in red in Figure 4.4 and have been explained in
detail above (section 4.2). In this section, the workﬂow of the complete computational
framework is explained.
A) Pre-processing:
1 -  lter / hit selection
2 -  prediction of non-globular regions
3 -  prediction of secondary structure
4 -  sequence cutting algorithm
 a.   remove non-globular regions
 b.   domain prediction
B) Fold recognition:
1 -  threading with pdb95 
2 -  customized fold libraries
C) Post-processing:
1 -  Structure-to-Function Connector (SFC)
2 -  Feature Alignment Analyzer (FAA)
D) Structure and function hypothesis:
1 -  evaluation of function hypothesis 
2 -  detailed model analysis 
multiple FASTA le 
(e.g. hits from a RNAi screen)
external 
prediction software
public database (UniProt)
external 
prediction software
public databases (GO, SCOP)
public databases 
(GO, SCOP, PFAM, UniProt, PDB)
 modeling software
literature + public databases 
(PFAM, SCOP, PDBsum, CSA)
overview on 
pre-processing
(*.txt and MySQL-table)
ProHit-output (*.p)
table with functional 
links  (*.ods/*.xls)
graphical overview of 
alignments (*.html)
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Figure 4.4: Schematic overview of structure-based functional annotation
StrAnno consists of three general modules (shown in the boxes in the middle) - pre-processing (A), structure
prediction by threading (B), post-processing of threading results (C). To be able to create a structural and
functional hypothesis, manual analysis and expert interpretation is needed (D). The modules highlighted in
red show my contributions to StrAnno. The external software, databases and literature used as input in each
module are shown on the left. On the right, the diﬀerent output-ﬁles are summarized. The blue arrows (from D
to B+C) mark iterations of structure prediction, post-processing and evaluation of diﬀerent possible hypotheses
to arrive to a ﬁnal conﬁdent structure and function prediction. Details to all modules are given in the text.
4.3.2 Pre-processing
The input for StrAnno is a multiple FASTA ﬁle containing several query protein se-
quences. Before starting with the central threading step, the pre-processing of the
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input sequences is very important to obtain beneﬁcial results afterwards. The main
reason for these steps is to overcome the limitations of the threading technique caused
by non-globular regions and multi-domain proteins (discussed in section 2.2.2). For
this purpose, various external sequence-based prediction methods were successfully in-
tegrated. Based on their results, consensus predictions can be derived and input protein
sequences can be split in parts.
These external prediction programs are used with default parameters if not otherwise
stated. All pre-processing results are stored in a MySQL-database and additionally
reported in an overview textﬁle (Figure 4.5).
Hit selection
To be able to select only uncharacterized proteins, functional information from the
Uniprot database was retrieved as described above (section 4.2.1). I integrated this
procedure as ﬁrst optional ﬁlter step for the query sequences.
Additional, a already developed BLAST-module was integrated, which searches for
signiﬁcant sequence similarity of the input sequences in a BLAST sequence database
containing all protein sequences of SCOP and PDB. The results of this BLAST run are
later used in the sequence cutting to remove parts of the sequence that can be annotated
by sequence-based methods (see below) and therefore do not have to be analyzed with
threading techniques.
Non-globular regions ﬁlter
Fold recognition algorithms are able to detect globular domains that are represented in
the PDB. Non-globular regions are not represented in the PDB and thus introduce noise
in the results, which leads to an increase of the rate of false positives. Therefore, all non-
globular regions, which can be predicted based on sequence patterns, were identiﬁed.
For this purpose, well-established methods to predict transmembrane helices (TM),
signal peptides (SP) and low complexity regions (LCR) were integrated into StrAnno.
Ideally, more than one algorithm is used because a consensus prediction of diﬀerent
algorithms is considered to be of higher conﬁdence.
A consensus prediction for transmembrane helices (combining MEMSAT [143] and
TMHMM [144]) as well as signal peptides (combining PrediSi [145] and SigPfam [146])
was integrated. Details and evaluation of these consensus predictors are described in
Aurélie Tomczak's PhD thesis [147].
53
COMPUTATIONAL TOOLS FOR STRANNO
As identiﬁcation of low complexity regions had not been addressed so far by the
already developed tools, I tested and integrated the SEG algorithm [148]. SEG applies
general measures of combinatorial complexity of sequences and their amino acid com-
positions. Granularity and stringency of the low-complexity search are deﬁned by three
parameters: K1(trigger complexity), K2 (extension complexity) and W (trigger window
length). Appropriate analysis of a test set resulted in the following best-performing
parameter combination that is used as default: K1=2.1, K2=2.3, W=18. However,
these parameters are ﬂexible and can be adjusted in every run according to input and
requirements.
Sequence cutting algorithm
The ﬁrst step of the cutting algorithm is to remove all regions in the query protein
that were predicted to be non-globular regions: TM, SP and LCR (as described above).
Additionally, all parts featuring structural domains that can be annotated by sequence-
based methods are removed. The stringency of annotation by this BLAST-module is
determined by the following parameters: maximal E-value, minimal sequence identity
and minimal length of the alignment. These parameters are adjustable by the user.
Afterwards, the sequences are cut into domain-like parts as described above (section
4.2.3) by utilizing the consensus secondary structure prediction.
After cutting the input sequences, the application of threading techniques is possible
as all non-globular regions were removed and the longer sequences are split in domain-
like parts. To avoid possible errors of the domain prediction algorithm in case of very
big domains, the remaining sequence after the removal of non-globular regions and
annotated regions is additionally taken as input for the threading.
Overview pre-processing
For each query sequence, I implemented a method to generate a textﬁle that provides
a quick overview of the pre-processing results (Figure 4.5). This summary ﬁle contains
the consensus secondary structure prediction, results from sequence-based analysis (TM,
SP, LCR, BLAST) and (potential) cutting positions.
4.3.3 Fold recognition
The fold recognition/threading step is the central structure prediction step in the com-
putational framework. The ProHit algorithm (section 2.2.2) was integrated in a par-
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Output for CH055_HUMAN:
Sequence length:        208
Info in each row:       Protein-sequence
                        Secondary structure prediction(H-helix, E-strand, S-structured(H or E), C-coil)
                        'X'= cutting point according to SecStrucPred (will be cut after 'X')
                        'T'= transmembrane helix
                        'S'= signal peptide
                        'L'= low complexity region
                        'B'= BLAST hit(with SCOP or PDB)
        10        20        30        40        50        60
MLGLLVALLALGLAVFALLDVWYLVRLPCAVLRARLLQPRVRDLLAEQRFPGRVLPSDLD
CHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHHCCCCCCCCCCCSECCCEECCCHCC
                      X
       TTTTTTTTTTTTTTTT
SSSSSSSSSSSSSSSSS
  LLLLLLLLLLLLLLLLL
        70        80        90       100       110       120
LLLHMNNARYLREADFARVAHLTRCGVLGALRELRAHTVLAASCARHRRSLRLLEPFEVR
HHHCCHHHHHHHHHHHHHHHHHHHHCHHHHHHHCCCSSEEEEEEEEEEEECCCCCEEEEE
Figure 4.5: Overview ﬁle for pre-processing results
The ﬁrst part of a summary textﬁle with the pre-processing results of CH055_HUMAN is shown as example.
The description is shown in the header of the textﬁle followed by the primary sequence and the secondary
structure prediction of the query in horizontal lines. TM, SP and LCR are predicted in a overlapping region in
the N-terminus. As the ﬁrst cutting step removes all non-globular regions, the sequence prior to position 23 was
removed (indicated with X).
allelized version using the batch mode. The default parameters of the algorithm were
used. The ProHit algorithm was used as the fold recognition algorithm for several rea-
sons: a) its good performance [149], b) the possibility to use customized fold libraries
and to parallelize the threading runs, c) the programmatic access to the resulting scores
and alignments and d) the integration of the MODELLER package allowing automation
of molecular modeling.
In addition to the standard pdb95 fold library (all structures in the PDB ﬁltered
by 95% sequence identity) that ProHit is oﬀering, we implemented the possibility to
automatically generate customized fold libraries. By linking the template structures to
GO-terms or the SCOP classiﬁcation, it is possible to focus on a speciﬁc SCOP-fold or
a function described in GO.
4.3.4 Post-processing
The result ﬁle that is generated by ProHit and other threading algorithms has several
disadvantages as already described above (section 4.2.4 and 4.2.5). The main disad-
vantage is the high rate of false positives in the result list, which was already reduced
because of the pre-processing of query sequences, but it is still too high for a comprehen-
sive automatic analysis. To approach the aim of generating a fully automatic functional
annotation platform, we developed and implemented two post-processing tools that
facilitate signiﬁcantly the analysis and evaluation of the threading results.
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The ﬁrst post-processing tool that was developed in the group is the Structure-
to-Function Connector (SFC), which provides the ability to ﬁlter the result list by
integrating functional information and calculating additional scores. The SFC contains
the following features:
 Structural classiﬁcation: A complete structural classiﬁcation of templates is
obtained upon an updated SCOP classiﬁcation that succeeds to classify around
95% of the current PDB structures. Thus, most of the template structures can
now be classiﬁed into a structural fold family. This is crucial, because in the eval-
uation of the structural hypothesis, important structural and functional features
of the protein family are investigated to judge the possible homology of the query
sequence to this family (see below).
 Domain Coverage Filter: I integrated the domain coverage ﬁlter into this mod-
ule to achieve trustworthy automatic ﬁltering to remain only with sequence-to-
structure alignments that (almost) completely cover the template fold (described
in section 4.2.4).
 Functional information: The ProHit result list was reformatted to a spread-
sheet (OpenOﬃce- or Excel-table). Functional annotations of the template struc-
ture from PFAM, Uniprot and Gene Ontology were automatically retrieved and
added in the tabular output-ﬁle. Direct web-links to all important structural and
functional databases were integrated as well.
 Fold-to-GO-map: A big advantage of the SFC is the possibility to link functional
GO-terms to the structural classiﬁcation of the template. Thus, in this step,
experimental functional information can be included in the analysis to guide and
focus structure prediction eﬀorts.
The Feature Alignment Analyzer (FAA) is the second post-processing tool that I
integrated in StrAnno. I developed this module (as described in detail in section 4.2.5)
to generate a graphical overview, which substantially facilitates the evaluation of the
results.
These two automatic post-processing tools accelerate the analysis of the threading
results to be able to detect true positive predictions more easily.
Structure and function hypothesis
Despite the development of automated tools for post-processing of the threading re-
sults, manual evaluation and human interpretation are still needed to be able to derive
conﬁdent structural and functional hypotheses for previously uncharacterized proteins.
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The necessary steps are described in detail in the next chapter with respect to two can-
didate proteins I analyzed (section 5.3.3 and 5.5.4). The evaluation of a structure and
function prediction varies by the knowledge about the query protein and the possible
true positive fold, but can be generally divided into three diﬀerent aspects:
 Quality of the alignment:
The alignment quality is assessed by sequence similarity, consistent alignment in
the fold family and gap content. The most conserved residues of the proposed
folds can be identiﬁed in sequence proﬁles (mostly derived by Hidden Markov
Models) that are available in PFAM or PROSITE and compared with the query
sequence.
 Quality of the 3-dimensional model:
A proposed 3-dimensional model of the query sequence has to be evaluated in
terms of stable packing of the core residues and potentially special structural
features in the proposed fold.
 Evaluation of functional characteristics:
Each fold family has its own functional characteristics, which are mostly not pos-
sible to grasp in an automated manner, but require thorough literature study. The
key functional residues of active sites in enzymes, binding pockets of small ligand
or DNA binding residues are mostly annotated in the public databases (Uniprot,
Catalytic Site Atlas, PFAM, CDD). An initial approach to use this information
automatically is the sequence conservation of functional features generated by
the FAA. However, other important functional properties of a protein family, e.g.
large protein-protein binding interfaces or a speciﬁc charge distribution on the pro-
tein surface, have to be identiﬁed and evaluated manually to achieve trustworthy
results.
All these mentioned steps require manual analysis, but are accelerated by using StrAnno,
mainly by the newly developed post-processing tools. By applying ﬁlters in the Structure-
to-Function Connector, many false positives can be ﬁltered out already. Thus, less high
scoring results, which could be possible true positive hits, have to be investigated manu-
ally. The Feature Alignment Analyzer facilitates the evaluation process of the remaining
candidates by providing a graphical overview at a glance to compare consistency and
quality of alignments and conservation of important functional residues.
Importantly, the whole process of evaluation can be performed iteratively with fold
recognition and post-processing of StrAnno: family-speciﬁc fold libraries can be used in
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threading to investigate the structural predictions, the results can be ﬁltered by addi-
tional functional keywords in the SFC and the alignment consistency of every possible
fold can be evaluated with the FAA.
Thus, evaluation of threading results to derive a conﬁdent structural hypothesis and
predict molecular function of the query protein is accelerated and facilitated by StrAnno
and may support large-scale applications.
4.4 Discussion
4.4.1 Further improvements of my StrAnno modules
I implemented some of the key modules for StrAnno and integrated other computational
tools focusing on application to a hit list of a genome-wide RNAi screen. The compu-
tational tools that I developed could be further developed in the following direction:
a) Domain prediction:
The domain prediction prior to the structure prediction should be as accurate as
possible as wrongly cut query sequences cannot identify the correct template.
Available domain prediction algorithms struggle to predict domains where no
structural template can be easily identiﬁed [150]. As these sequences are the
input of StrAnno, I implemented a domain prediction based on the secondary
structure prediction. Another valuable source of information about the domain
structure could be obtained by the investigation of the orthologs of the query
sequence. Potential domain boundaries mostly occur in regions with low conser-
vation in the ortholog alignment. Combining the most conserved parts in ortholog
alignment with the consensus secondary structure prediction might improve the
proposed domain prediction algorithm.
b) Feature Alignment Analyzer:
The key functional residues of the template structures, which are retrieved and
mapped within the FAA, are compared and scored on sequence similarity level.
However, as structure is more conserved than sequence, these key residues might
be in the same spatial, but not in the same sequential position in the query protein.
This could be investigated by automated analysis and scoring of the residues that
are present in a 3-dimensional sphere around the key functional residue.
c) Evaluation of structural and functional hypothesis:
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My intention was to develop and integrate additional automatic tools to evaluate
the possible true positive hits, but I realized that there are many limitations.
ProHit gives the opportunity to automatically generate a 3-dimensional model of
the query protein based on the sequence-to-structure alignment. This advantage
of ProHit has not been integrated yet into the general computational framework
as it is not possible to evaluate the structure and function hypothesis in an au-
tomated manner. A structural descriptor for all diﬀerent fold families would be
needed to scan the generated 3D-models for important structural and functional
features. But, unfortunately, these 3-dimensional fold descriptors are very diﬃcult
to derive. Methods for structure-based protein function prediction (section 2.3.3)
mostly concentrate on enzyme structures to identify active sites, e.g. the Cat-
alytic Site Atlas [76]. PROFUNC server [77] additionally identiﬁes surface clefts
and putative DNA binding regions and Web-FEATURE [151] provides structural
descriptors for a subset of enzymes and small ligand binding sites. Thus, all
these available methods are not suited for a completely automatic evaluation of
the threading results that include all possible folds. New developments and algo-
rithms in this respect would be very helpful for automatic evaluation of structure
and function prediction. However, as a few of the potential true positives could be
already evaluated with the existing descriptors, integration into StrAnno should
be considered.
Such 3-dimensional descriptors can be beneﬁcial if structure prediction eﬀorts are
focused to identify only one or a few target folds in a large number of sequences.
We could show the applicability of this focused approach in the identiﬁcation of
three putative novel chemokines by ﬁltering the StrAnno results of all uncharac-
terized human sequences with a 3-dimensional disulﬁde bond descriptor [147].
4.4.2 Further improvements of StrAnno framework
The ﬁnal goal in the development of StrAnno is the fully automatic prediction of molec-
ular function via protein structure for high-throughput application. The computational
framework for structure-based functional annotation was developed to characterize novel
proteins that do not share detectable homology to known functional domains. Pre- and
post-processing tools were developed and integrated to overcome the limitations of the
fold recognition technique, and thus to be able to identify structural resemblances.
Although StrAnno already joins many diﬀerent useful tools and applications, I pro-
pose several possibilities to improve and extend the framework:
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a) Threading algorithm:
Meta-threading servers have shown to perform better than a single fold recog-
nition algorithm. Hence, including more than just one threading algorithm into
StrAnno would be desirable. But, this is diﬃcult as most other well-performing
threading algorithms only exist as web-servers and no stand-alone software ver-
sion is available. However, we already worked on integrating HHpred [32], a suc-
cessful sequence-proﬁle method to identify remote homologs. Since March 2011,
I-TASSER [48] is available as a stand alone version and could be potentially in-
tegrated to improve the performance of the threading results that are generated
only by ProHit so far.
b) Technical aspects:
From the technical point of view, Rainer Hausdorf already improved several as-
pects that were not available in StrAnno 1.0, which was presented in this chapter.
A graphical user interface was developed to simplify parameter deﬁnitions and
usage of sub-modules of StrAnno. Additional overview ﬁles of pre-processing
and post-processing have been implemented as well. Furthermore, data man-
agement, computational performance and exception handling was improved and
implemented in StrAnno 2.0.
c) Development and integration of new modules:
As StrAnno is developed in a modular way, other data sources and tools could
be integrated to broaden the spectrum of possible applications. For example,
databases for domain-domain interactions [126, 128] could be added to be able
to identify possible interaction partners of the putative structural templates of
the query protein. Moreover, several high-throughput experiments identifying
protein-protein interactions were performed in the recent years [152, 153]. Com-
bination of these datasets together with the fold recognition results by StrAnno
might lead to the characterization of the molecular structure of protein-protein
complexes. However, this approach might be diﬃcult as even clear data on inter-
acting parts and a manual analysis was not suﬃcient to generate a prediction of
the molecular interface of the Ska complex (chapter 3). False positives in high-
throughput interaction data and the demand of an automated evaluation would
make this approach even more challenging.
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4.4.3 Comparison to other threading frameworks
There are several diﬀerent fold recognition algorithms available, which also provide pre-
and post-processing modules in their web-servers: Phyre includes pre-processing, but
no domain prediction for remote homologs [50]. PredictProtein oﬀers extensive pre-
processing, but a very limited threading module [154]. I-TASSER integrates diﬀerent
post-processing tools, but they are mainly focused on the best scoring template hit [48].
Robetta structure prediction server is the only application that splits the input sequence
before performing structure prediction (by Ginzu, a homology based domain-prediction
algorithm) [155]. In the pre-processing module of StrAnno, non-globular regions are
removed and the remaining sequence is split into domain-like pieces by an approach
that is not based on sequence homology. Thus, StrAnno is novel in this respect.
My aim in the development of StrAnno was its application to hit lists of RNAi
screens to decipher the molecular function related to the proposed phenotype. None of
the available fold recognition applications include the possibility to ﬁlter for functional
information about the template. In StrAnno, this is possible because of the imple-
mented Fold-to-GO-map. Further advantages of StrAnno are: a) a complete structural
classiﬁcation of the template structures with an automatic SCOP-update, b) the possi-
bility to use custom-made fold libraries in ProHit, c) a graphical analysis of alignments
in a 1-to-many format with Feature Alignment Analyzer and d) an in-house installation
of all modules that allows batch run of various input sequences and adjustment of pa-
rameters. High-throughput runs are not possible by the usage of web-servers.
In summary, all these diﬀerences denote StrAnno as a unique tool for structure-based
functional annotation of uncharacterized proteins.
4.4.4 Conclusion and Outlook
The goal of this part of my thesis work was to develop computational tools to be able
to analyze hit lists from RNAi screens with fold recognition methods. I successfully
designed and implemented new analysis tools and combined several available stand-alone
prediction methods to set up a computational framework together with my colleagues.
The development of StrAnno is a major step forward to reach the ﬁnal goal of completely
automatic functional annotation of proteins.
We are currently working on a manuscript to publish this method for structure-based
functional annotation and make it available to the scientiﬁc community.
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Although this computational framework can still be improved (as discussed above
in section 4.4.1 and 4.4.2), I went on to apply StrAnno to a large-scale dataset. How
successful this approach is to generate well-founded structure and function hypotheses
in a reasonable time frame, will be analyzed in the application of StrAnno to results of
a RNAi screen that is presented and discussed in the next chapter.
The major remaining questions after this development are: Does the inclusion of
experimental functional data help to ﬁlter out false positives in a meaningful way? How
much manual intervention is still needed to evaluate the predictions and how much is
this process accelerated by the post-processing tools?
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Chapter 5
Structure-Based Functional
Annotation of Hits from Cell Cycle
RNAi Screen
This chapter describes the application of the structure-based computational framework
for functional annotation, StrAnno, to a dataset from a cell cycle RNAi screen resulting
in structural and functional predictions and experimental characterization of two human
proteins.
After a short introduction (section 5.1), the dataset is described and the results that
I obtained with StrAnno are summarized (section 5.2). Then, I present my results
of the functional characterization of c20orf43 that was selected based on evolutionary
conservation (section 5.3). This is followed by a systematic study of all G1 arrest hits
(section 5.4) that lead to further characterization of HJURP (section 5.5). Finally, based
on my results, I draw conclusions and discuss the advantages and limitations of StrAnno
to succeed in structure-based functional annotation (section 5.6). The computational
and experimental methods that I applied are explained at the end of this chapter (section
5.7).
5.1 Introduction and aim
The successful development of computational tools, which I integrated into StrAnno
together with my colleagues (Chapter 4), made it possible to process hit lists from
high-throughput experiments like RNAi screens. The advantage of RNAi screening
data is that a general function for all the genes in the hit list is already suggested by
the observed phenotype. By applying protein structure prediction techniques, I aim to
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link phenotypic data and molecular function. I focus on uncharacterized proteins where
little or no information about functional domains can be derived by sequence-based
functional annotation methods. For these proteins, the application of fold recognition
techniques is crucial to predict protein function.
The main focus of this part of my thesis work was to derive novel structural and
functional hypotheses for uncharacterized human proteins and to validate promising hy-
potheses experimentally. In addition, my goal was to identify strengths and weaknesses
of StrAnno by performing a large-scale application.
5.2 Dataset and overview of StrAnno results
As a dataset, I searched for a genome-wide RNAi screen in human cells that resulted in
a high number of hits including many uncharacterized proteins. Furthermore, the set
up of the RNAi screen should already include a thorough validation procedure to ensure
high quality of the data with a limited number of false positives. For those reasons, I
chose a genome-wide esiRNA screen that focused on identiﬁcation of genes involved in
the human cell cycle, which was performed by Ralf Kittler (MPI-CBG Dresden) and
published in 2007 [97].
5.2.1 Genome-wide RNAi cell cycle screen
In the genome-wide RNAi cell cycle screen, the read-out was a DNA content analysis
by staining with Propidium iodide, microscopic scanning and image analysis to identify
cell cycle proﬁles. In the primary screen, a library of 17828 esiRNAs was transfected
in HeLa cells, and 2146 hits were obtained that altered cell cycle progression or ploidy
on knockdown. The primary hits were tested for expression in HeLa cells and screened
again with the initial esiRNA in a secondary screen to reproduce the cell cycle phe-
notype. After this hit validation step, 1351 conﬁrmed hits remained, which were then
evaluated with a secondary independent esiRNA. Based on these results, the observed
phenotype of the 1351 secondary hits was divided into three validation categories: a) the
same phenotype with two esiRNAs (743 genes), b) phenotype only with esi1, as esi2 was
not possible to synthesize (97 genes) or c) phenotype only with esi1 and a diﬀerent re-
sult with esi2 (511 genes). The genes were clustered in functional groups according to
a nine-parameter ﬁngerprint for each gene, which resulted in four phenotypic classes:
G0/G1 arrest, S arrest, G2 arrest, and cell division defects.
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5.2.2 StrAnno - Hit selection and pre-processing
A functional annotation of the 1351 validated hits, which was based on GO-annotation
in public databases, was provided in the publication of the RNAi screen [97]. I selected
all the genes that were annotated as unknown. Furthermore, I added all genes that
contained uncharacterized", putative" or orf" in their gene description to my dataset.
All these protein sequences were mapped to UniProt-IDs, which resulted in a starting
dataset of 239 query sequences that I called 239unknown". A multiple FASTA-ﬁle con-
taining these 239 protein sequences was the input for StrAnno and was ﬁrst processed
by the pre-processing module of StrAnno (section 4.3.2). The pre-processing results are
summarized in Figure 5.1.
As the functional information that I initially used to select for functionally uncharacter-
ized proteins was from 2007, I decided to apply a stringent ﬁltering step in StrAnno to
remain only with uncharacterized proteins (hit selection of StrAnno, details in section
4.2.1). Based on information from public functional databases, I discarded all sequences
that were annotated with a GO-term or a structural domain. After this ﬁltering step,
100 sequences remained, which were further processed by StrAnno. In the next step,
the removal of non-globular regions or annotated domains (details in section 4.3.2), 4
out of 100 proteins were discarded as their remaining sequences were smaller than the
minimal domain length. As fold recognition methods are in general optimized for single
domain query sequences, the remaining 96 sequences were processed by the domain
prediction algorithm (details in section 4.2.3) and 242 sequence parts were generated.
The domain prediction algorithm split every sequence on average in three parts: the
average sequence length of the original 96 sequences was 411aa compared to an average
length of 147aa in the 242 sequence parts.
239
100
96
242
 query sequences 
lter/hit selection
remove non-globular regions 
domain prediction
sequence parts 
sequences 
sequences 
pre-processing: 
19  transmembrane helices
  9  signal peptides
23  low-complexity regions
Figure 5.1: Overview on Pre-processing results of Cell Cycle dataset
Results for the pre-processing of StrAnno of the 239 input sequences. The number of sequences after each
ﬁltering step is shown in red and the diﬀerent ﬁlters of StrAnno are shown in blue.
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5.2.3 StrAnno - Structure prediction and post-processing
The 242 sequence parts and the full length original query sequences were further pro-
cessed by the next module of StrAnno: protein structure prediction by the threading
algorithm ProHit (section 4.3.3). The Structure-to-Function Connector (SFC) (section
4.3.4) was used to apply a domain coverage ﬁlter at 70% (section 4.2.4) that discarded
structural domains that are not fully covered by the sequence-to-structure alignment
generated by threading. The Feature Alignment Analyzer (FAA) (section 4.2.5) was
used to obtain a graphical overview of the Top20 hits of each sequence part.
Additionally, I extracted and integrated information about orthologous proteins for
these 96 hits by querying the eggNOG database [70].
5.2.4 GO-Enrichment analysis of results
To be able to analyze the complete set of resulting structural predictions, I performed
an enrichment analysis to investigate if cell cycle related structural folds scored signif-
icantly better in this dataset compared to a random set of uncharacterized proteins. I
performed the analysis with the widely used web-tool DAVID (Database for Annota-
tion, Visualization and Integrated Discovery) [156]. The results are shown in Figure
5.2.
Figure 5.2: GO-enrichment analysis
Enrichment of cell cycle related GO terms in the Top10 predicted structural folds. The analysis of StrAnno
results for the 96 hits from cell cycle screen are shown in red and for the random genes in green. The enrichment
score was calculated for both datasets before (original) and after (ﬁltered) application of the domain coverage
ﬁlter. The enrichment score, a combination of fold enrichment and p-value calculated by DAVID, is shown on
the y-axis.
I included the Top10 structural folds of each threading result from the 96 cell cycle
related proteins and calculated an enrichment of cell cycle related terms of 4,83. In the
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same analysis with a set of 96 uncharacterized proteins, which were randomly selected
form Uniprot database, I obtained an enrichment score of 0,94 for the cell cycle related
cluster. In addition, I compared both datasets with respect to the domain coverage
ﬁlter (section 4.2.4). The ﬁlter was either not applied (original) or set at 70% domain
coverage to ﬁlter out all domains that are not fully covered (ﬁltered). In the cell cycle
set, the enrichment score increased more than 2-fold after application of the ﬁlter (from
1,98 to 4,83).
These results argue for the general applicability of the structure-based methodology
in this dataset to identify structural folds that are related to the phenotype. The
application of the domain coverage ﬁlter enhances the potential of StrAnno to obtain
beneﬁcial threading results.
5.3 Characterization of c20orf43
After this global approach to evaluate the results of StrAnno, I intended to select an
interesting candidate protein for further computational and experimental characteriza-
tion. I decided to concentrate on evolutionary conserved proteins that have orthologs
known in all eukaryotic species. In addition to the conservation ﬁlter, I was focus-
ing on proteins with a strong phenotype, which was validated with two independent
esiRNAs in the screen. After applying these ﬁlters, the list of 96 proteins was reduced
to 6 (Table 5.1). I chose c20orf43 (CT043_HUMAN, shown in bold in Table 5.1) for fur-
ther characterization as it has a high content of predicted structural elements (column
SSP in Table 5.1), suggesting several possible functional domains.
Table 5.1: Selected proteins from cell cycle screen
ENS_ID UP_ID phenotype Len SSP
ENSG00000022277 CT043_HUMAN G2 arrest 306 medium/strong
ENSG00000151539 F86A2_HUMAN G0/1arrest 329 medium/strong
ENSG00000183597 CV025_HUMAN G0/1 arrest 276 medium/strong
ENSG00000100418 F152B_HUMAN G0/1 arrest 168 medium
ENSG00000137216 TM63B_HUMAN Cell division defect 832 medium (4xTM)
ENSG00000137656 BUD13_HUMAN Cell division defect 619 weak/medium
These 6 out of 96 proteins show evolutionary conservation and a phenotype verﬁed by two independent esiRNAs.
The selected candidate CT043_HUMAN is highlighted in bold. ENS_ID : ENSEMBL gene ID, UP_ID : Uniprot
ID, phenotype: cell cycle phenotype from RNAi screen, Len: sequence length in aa, SSP : secondary structure
prediction, weak/medium/strong = percentage of structural elements predicted in sequence <20/20-60/>60%,
respectively
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5.3.1 Literature on c20orf43
The biological function of human c20orf43 is not known. The human gene locus was
associated with hearing impairment in gene association studies [157], and c20orf43 is
signiﬁcantly associated with growth traits in pigs [158]. In large-scale RNAi studies in
C.elegans, knockdown of the c20orf43 ortholog (C01A2.5) was shown to be embryonic
lethal [159, 160].
The ﬁssion yeast ortholog of c20orf43 was characterized and named Rtf2 (replication
termination factor 2) by Inagawa and co-workers in 2009 [161]. Rtf2 is involved in
site-speciﬁc replication termination in the mating-type locus of the S.pombe genome.
Rtf2 acts downstream of Rtf1 and stabilizes a stalled replication fork barrier in the
replication termination process. A direct interaction of Rtf2 to PCNA could be shown.
Deletion of pmt3 (SUMO in S.pombe) exhibits a similar phenotype as the Rtf2-mutant.
By sequence proﬁle search, Inagawa and co-workers showed that the central domain of
the Rtf2 protein has a C2HC2 motif, most similar to a C3HC4 RING-ﬁnger motif.
5.3.2 Sequence-based analysis
The protein sequence of human c20orf43 is 306 amino acids long. Non-globular region
(TM, SP or LCR) were not predicted in the pre-processing of StrAnno. The secondary
structure prediction is shown in Figure 5.3: The ﬁrst part (aa 1-90) was predicted to be
in a helical conformation, the central part (aa 115-200) in a mixed α/β-structure and
the C-terminal part to be disordered. c20orf43 was automatically cut in two parts by
the domain prediction of StrAnno: part1 (aa 1-107) and part2 (aa 108-306). Linear mo-
tif search revealed a nuclear localisation sequence (NLS) in position 199-204 (sequence:
TKKPKA).
In PFAM, c20orf43 was annotated as DUF602 (Domain of unknown function) in De-
cember 2009. Now, two years later, this PFAM family has been renamed to Rtf2
(PF04641) based on the already mentioned publication about the ﬁssion yeast ortholog
of c20orf43 [161]. The DUF602/Rtf2 domain was classiﬁed in the PFAM clan RING"
(CL0229) that consists of RING/U-box-like domains. The association with this PFAM
clan is in agreement with the domain proposal of Rtf2 of S.pombe [161]. RING/U-Box
domains are zinc ﬁngers mainly found in E3-Ubiquitin/SUMO-ligases. A more detailed
analysis of this domain follows in the next section.
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Figure 5.3: Secondary structure prediction of c20orf43
The result of the consensus secondary structure prediction, calculated by StrAnno, is shown visually below the
amino acid sequence of c20orf43. Red bars denote predicted α-helices, green arrows denote predicted β-strands
and s marks residues in either helix- or strand conformation (section 4.2.2).
5.3.3 Structure Prediction Results
A) Central domain of c20orf43
To further analyze the proposed RING-like domain [161] in the central part of c20orf43,
I used fold recognition to identify the best template for comparative modeling. The
RING ﬁnger domain coordinates two zinc ions with a C3HC4 motif, whereas the U-
Box exhibits the same structural fold but no zinc binding site [162, 163]. They are both
part of E3-Ubiquitin-ligases and thus are involved in ubiquitination processes. Recently,
the ﬁrst experimental 3D-structures of this fold family with only one zinc binding site
were solved and named SP-RING. They are solely present in E3 SUMO-ligases [164].
E3 SUMO-ligases are, unlike E3 Ubiquitin-ligases, not essential for the SUMOylation
of speciﬁc target proteins, but they signiﬁcantly accelerate the modiﬁcation of their
substrates [165, 166].
I generated a fold library that contained structural templates of all known members
(141 templates) of this protein family (RING/U-box-fold, SCOP: g.44) and used it in
the threading of the central part of c20orf43 (aa 96-211). The visualization of the
threading result by the FAA shows that c20orf43 aligns to diﬀerent members of this
fold family in a consistent way and thereby reconﬁrms the sequence-based prediction of
this domain (Figure 5.4). In addition, the predicted secondary structure matches to the
structural elements of the proposed fold. I modeled c20orf43 on the third highest scoring
template structure (pdb: 2ea6) as in the two best scoring alignments the putative zinc
binding residues were not optimally aligned. The selected structural template is the
RING domain of the E3 ubiquitin ligase RNF4 and shares 20% sequence identity with
c20orf43 in the aligned region. The RMSD of the Cα-atoms of minimized 3-dimensional
model and the template structure is 0,94Å.
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RNF4-RING has two zinc binding sites, but only one zinc binding site is found in
c20orf43 (shown in the alignment and the model in Figure 5.5 A,C). Two other tem-
plates of the same fold family were included in the structure-based sequence alignment:
with one (SP-RING domain) and without (U-box domain) zinc binding residues. By
comparison of these zinc binding motifs, I conclude that c20orf43 is most similar to the
SP-RING domain of NSE2 (pdb:2yu4) (Figure 5.5 C). The only diﬀerence is that NSE2
has a CHC2 motif, while c20orf43 has a C4 motif at zinc binding site 2. To further
reinforce the hypothesis that c20orf43 contains a SP-RING domain, I investigated the
sequence similarity to the orthologous proteins in this region (Figure 5.5 B). The four
residues important for the putative zinc binding are conserved throughout the diﬀerent
species (boxed residues in Figure 5.5 B) as C4 or CHC2 motif.
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Figure 5.5: Putative SP-RING as central domain of c20orf43
A: Blue ribbon represents the template structure of the RING domain of human E3 ubiquitin ligase RNF4 (pbd:
2ea6) with two bound zinc ions. The pink ribbon represents the model of the central domain of c20orf43. The
residues of the two zinc binding sites of the template and the corresponding residues in the model are shown
with sticks. B: Multiple sequence alignment of the orthologs of c20orf43 in the region of the putative SP-RING
domain of c20orf43. C: Sequence-to-structure alignment of c20orf43 with the RNF4-RING (pbd: 2ea6) based
on threading results combined with the structure-based sequence alignment of two other domains of the same
fold: SP-RING domain of human E3 SUMO-ligase NSE2 (pdb: 2yu4) and U-Box domain of Pre-mRNA-splicing
factor 19 (yeast, pdb: 2bay). The Zn-binding residues are highlighted in boxes in both alignments. Residues are
colored according to their physicochemical properties. H.sap: Homo sapiens, D.mel : Drosophila melanogaster,
X.tro: Xenopus tropicales, D.rer : Danio rerio, C.ele: Caenorhabditis elegans, A.tha: Arabidopsis thaliana,
S.pom: Schizosaccharomyces pombe.
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As SP-RING domains are only described to be part of E3 SUMO-ligases, I in-
vestigated additional structural and functional features that are common in E3 SUMO-
ligases. There are several E3 SUMO-ligases known that do not have a SP-RING domain
(e.g. RanBP2 [167], hPC2 [168] and Topors [169]), but I concentrated on features of
SP-RING E3 SUMO-ligases as c20orf43 might possess a SP-RING domain.
Mammalian E3 SUMO-ligases share a common structure surrounding or only C-terminal
to the SP-RING domain: the SP-RING C-terminal domain (SP-CTD) [164]. The SP-
CTD in human PIAS isoforms consists of a α-helix N-terminal of the SP-RING and
a mixed α/β-structure C-terminal to the SP-RING [164]. In human E3 SUMO-ligase
Mms21, this SP-CTD only consists of a small helical structure C-terminal to the SP-
RING [170]. The secondary structure prediction of c20orf43 suggests a small β-sheet
(aa 168-172) and a long α/-helix (aa 176-195) C-terminal to the proposed SP-RING
(Figure 5.3). This region of c20orf43 might function as SP-CTD.
The SP-RING domain of Mms21 is suﬃcient to exhibit the E3 SUMO-ligase function
[170]. In PIAS isoforms, SP-RING and SP-CTD are needed [164]. Apart from this com-
mon functional domain, SP-RING E3 SUMO-ligases contain diﬀerent other domains.
In summary, I predicted a SP-RING domain and a putative SP-CTD in the central
part of c20orf43 by sequence- and structure-based computational methods.
B) N-terminal domain of c20orf43
Based on the secondary structure prediction, StrAnno proposed a structural domain in
the N-terminus of c20orf43 (c20orf43-part1, aa 1-107). I evaluated the StrAnno results
of the threading against pdb95 fold library. Via the post-processing with the Structure-
to-Function Connector (SFC), the 50 best scoring hits in the result list were ﬁltered
with the GO-keyword SUMO to ﬁnd domains that are related to the SUMOylation
machinery, in which c20orf43 is probably involved in. The results that are associated
with the GO-keyword SUMO are shown in Table 5.2: The ﬁrst template in the list is
the FYVE-RING ﬁnger protein SAKURA (pdb: 1y02), which contains a SAP domain
(SCOP-fold: LEM/SAP/HeHmotif, a.140). This SAP domain is also present in the
N-terminus of the human PIAS proteins (E3 SUMO-ligases) [171]. As this would match
to the SP-RING domain of c20orf43, I went on to further investigate this possibility.
The SAP domain of SAKURA (pdb: 1y02) aligned to the region aa 40-90 of c20orf43.
To explore this possible structural prediction, I elongated this region to both sides.
I considered a longer sequence in my analysis because the secondary structure pre-
diction suggests additional structural elements in the proximity, which could be part
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Table 5.2: Threading results for c20orf43-part1 (aa 1-107)
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P
PDB ch
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18 100 22,76 3,92 3,83 5,51 17,5 80 91 a.140.2.1 1Y02 A FYVE-
RING ﬁn-
ger protein
SAKURA
23 94 22,4 2,6 4,8 5,5 21,1 76 94 c.37.1.20 1QZM A ATP-
dependent
protease La
24 100 22,1 2,3 4,2 6,32 21 100 138 g.44.1.2 2F42 A STIP1 homol-
ogy and U-box
protein 1
29 100 21,2 3,7 3 6,1 21,9 105 134 a.118.8.1 2VGX A Chaperone
SYCD
30 100 21,1 3,3 4,6 5,27 18,8 80 397 a.5.3.1 1OLM E SEC14-like
protein 2
32 92 20,9 3,8 2,9 5,8 24,1 87 99 d.15.6.1 1YN4 A EapH1
Threading results of c20orf43-part1 against pdb95 ﬁltered with the SFC: template structures are annotated
with the GO-keyword SUMO and have a domain coverage >70%. The results are ordered by the ThdIdx.
Rank: rank in original result list with pdb95 ﬁltered by DomCov>70%, DomCov: percentage of SCOP domain
covered by alignment, ThdIdx: Threading-Index (normalized score of ProHit z-scores), Z-pair/surf/seq: Z-
scores obtained by ProHit fold recognition (section 2.2.2), %Id: percent of sequence identity, FL: foldlength,
PL: pathlength, SCOP: SCOP family Id, PDBdescr: shortened description from PDB header.
of the fold: an α-helix in position aa 25-34 and a β-sheet in position 87-93 (Figure
5.3). The elongated region (aa 21-107) was named c20_Nterm. To assess the pos-
sible structural hypothesis, I generated a fold library with structural templates of the
LEM/SAP/HeHmotif-fold (175 entries) and used it in a threading run with c20_Nterm.
The best templates of all diﬀerent SCOP-families of the LEM/SAP/HeHmotif-fold and
all available templates from SAP domains of E3-SUMO ligases are shown in Figure
5.6. The SAP domain is a heterogeneous fold consisting of three (pbd: 1zbh, 2jx3)
or four helices (in E3-SUMO ligases; pbd: 2rnn, 1v66, 2rno), which are shown as blue
bars in Figure 5.6. c20_Nterm aligns in a similar way to diﬀerent members of the fold
family. As the SAP domain of c20orf43 would be part of a putative SUMO ligase and
the secondary structure prediction suggests 4 helices in c20orf43, I chose PIAS1 as a
structural template (pbd: 1v66 [172]) to model c20_Nterm. I chose PIAS1 instead of
the better scoring Siz1 template (pdb:2rnn) because of three reasons: a) no gaps and
insertions in the alignment, b) alignment to PIAS1 template is consistent in threading
with full length c20orf43 sequence and c) DNA-binding lysine is conserved (see below).
PIAS1 and c20_Nterm share 12,3% sequence identity. The RMSD of the Cα-atoms of
minimized 3-dimensional model and the template structure is 0,75Å.
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 Evaluation of alignment:
c20_Nterm aligns without big gaps and in a consistent way to diﬀerent members
of the SAP fold family, and the predicted secondary structure is in agreement with
the structure of the templates (Figure 5.6 A).
The structure-based sequence alignment of c20_Nterm to the template (pdb:1v66)
and two other SAP domains, which share low sequence identity to each other
(1v66-2zbh: 17,1% and 1v66-1e7d: 12,2%), is shown in Figure 5.7 A. The sequence
motif of the SAP domain (from Prosite [68]) is shown above the alignment: the
bigger the letter in the logo of the sequence motif, the more conserved is this
residue in the domain family. The N-terminus of c20orf43 cannot be classiﬁed
as SAP domain by sequence-based methods, but, by comparing the sequence of
c20orf43 with the proﬁle, most of the conserved SAP-residues are also present in
c20orf43 (marked with black arrows in Figure 5.7 A). Nearly all of these residues
are very conserved in the orthologs of c20orf43 in other species (Figure 5.7 B).
This argues towards a putative SAP domain in this region of c20orf43 that is only
possible to identify with structure-based methods.
 Evaluation of 3-dimensional model:
The 3-dimensional model of c20orf43 is shown in Figure 5.7 C. The quality of the
model was further evaluated by investigation of the core residues (marked with c
in Figure 5.7 A). A good packing of the hydrophobic core residues of c20_Nterm
could be observed by detailed visual inspection, suggesting a compact core of the
of the 3-dimensional model. I evaluated the model with three model quality as-
sessment web-servers (see methods for details) and obtained the following results:
The average 3D-1D score of Verify3D is 0,14 (14% of the residues in model with
3D-1D > 0,2), which suggests a low quality model. On the contrary, both ER-
RAT (overall quality factor=100%) and ProSA (z-score=-4,01 - within the range
of scores typically found for native proteins of similar size) suggest good quality
of the model structure.
The 3-dimensional model was further optimized by a 5ns molecular dynamics
simulation. RMSD values of the c20orf43 model converge over time indicating
that the overall fold stays compact along the simulation (shown in red in Figure
5.7 E). As a reference, MD-simulation of the X-ray structure of the template
PIAS-SAP (pdb: 1v66) was performed and generated a similar result (shown in
green in Figure 5.7 E). The lower average RMSD of the template compared to
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Figure 5.7: Putative SAP domain in the N-terminus of c20orf43
A: The structure-based sequence alignment of c20orf43 with the template 1v66 and two other domains of
the same fold: human 3'-5'exoribonuclease1 ERI1 (pdb:1zbh) and T4phage recombination endonuclease VII
(pdb:1e7d). The Prosite sequence proﬁle of the SAP domain (PS50800) is shown above the alignment. Black
arrows highlight conserved amino acids in c20orf43. Below the alignment, the core residues of 1v66 are indicated
with c" and the DNA-binding residues with D". Putative DNA-binding residues of c20orf43 are labeled with
d". B: Multiple sequence alignment of the orthologs of c20orf43 in the region of the putative SAP domain of
c20orf43. C: Green ribbon represents the template structure of the SAP domain of human E3 SUMO-ligase
PIAS1 (pbd:1v66). The pink ribbon represents the model of the N-terminal domain of c20orf43. The known
DNA binding residues of the template and putative DNA binding residues in the model are shown with sticks.
D: Ribbon representing template and model structure rotated by 90◦ to show DNA binding surface from the
top. The known and putative DNA binding residues are shown with orange sticks and labeled. Below, the
molecular surfaces of both structures are shown (colored by the electrostatic potential). E: The RMSD of the
backbone heavy atoms along a molecular dynamics simulation is shown for the model of c20_Nterm (red) and
template SAP domain of PIAS (green). The time in ps is depicted on the x-axis, the RMSD in Å is displayed
on the y-axis.
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the model (1,25 vs. 2,75 Å) is mainly due to the initial relaxation of the model
structure.
 Evaluation of functional characteristics:
Some of the known SAP domains are DNA binding [173]. The surface region
involved in DNA interaction is in the N-terminus of helix α2 and α3 (Figure 5.7
D). In the template protein PIAS1, it was shown that Arg15, Lys30, Lys34 and
His35 participate in the DNA binding (marked with D in the alignment and
shown as sticks in the structure, Figure 5.7 A,D) [172]. In c20orf43, two out of
the four positively charged residues are conserved: Lys30 and Lys34 in PIAS1
align to Arg55 and Lys58 in c20orf43. Arg15 and His35 of PIAS1 do not align to
similar residues in the sequence-to-structure alignment with c20orf43. However,
there is another positively charged arginine residue in spatial proximity of the
DNA binding region: Arg45 (marked with d in the alignment and shown as
sticks in the structure, Figure 5.7 A,D). To further investigate the putative DNA
binding, I compared the electrostatic potential of the interaction surface (Figure
5.7 D). Both model and template structure exhibit a mainly positively charged
surface (blue regions of the surface), but in c20orf43 one negatively charged residue
(Asp59) is present as well. It is diﬃcult to predict if this would hinder a putative
DNA binding ability. Summarizing the evaluation results, it is not clear, if the
putative SAP domain of c20orf43 could interact with DNA in a similar way as
other SAP domains of E3-SUMO ligases.
I conclude that the evaluation of the alignment and the proposed structure are in favor
a putative SAP-domain at the N-terminus of c20orf43.
C) Structural and functional hypothesis
After the structure prediction of two domains of c20orf43, I carried out a more focused
sequence motif analysis. I analyzed the presence of a SUMO-interacting motif (SIM)
[174] or a putative SUMOylation site in the protein sequence of c20orf43. These motifs
often occur in E3 SUMO-ligases. I identiﬁed two possible SIM (aa 169-172 and 179-
182) and two putative SUMOylation sites (aa 152-155 and 193-196, both speciﬁc for
SUMO1). They are illustrated together with the predicted structural domains in Figure
5.8.
Summarizing these two predictions of a N-terminal SAP-domain and a central SP-
RING domain (and a putative SP-CTD), I conclude that c20orf43 is a putative E3
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Secondary Structure Prediction:
SAP SP-RING SP-CTD?
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SIM
NLS
Figure 5.8: Predicted domain structure of c20orf43
Schematic overview of the predicted domains and motifs: SAP in the N-terminus and SP-RING/SP-CTD in
the central part. The predicted secondary structure is shown above with red cylinders marking helices and
yellow arrows for strands. The position of the sequence motifs SIM, SUMOylation and NLS are indicated. SIM :
SUMO-interacting motif, NLS : Nuclear localisation sequence.
SUMO-ligase. This prediction is strengthened by the identiﬁcation of SUMO-interacting
motifs (SIM) that mostly occur in E3 SUMO ligases.
5.3.4 Experimental Results
After deriving this interesting hypothesis for the structure and function of c20orf43, my
aim was to verify the predictions experimentally. As a ﬁrst step, I focused on reproduc-
ing the phenotype of a G2 arrest in cell cycle to validate the result of the high-throughput
RNAi screen. Furthermore, I was interested in general functional characterization of
this gene regarding localisation and interaction partners as nothing is known about the
mammalian c20orf43.
A) Cell cycle proﬁle
To reproduce the G2 arrest phenotype in cell cycle, I performed esiRNA knockdowns
of c20orf43 followed by DNA staining. First, knockdown eﬃciency of two independent
esiRNAs was investigated on mRNA and on protein level. Both esiRNAs gave a similar
and stable knockdown of around 90% on mRNA level (Figure 5.9 A). This could be
veriﬁed on protein level (Figure 5.9 B). As no antibody against the endogenous c20orf43
is commercially available, I investigated the knockdown in a transgenic c20-LAP cell
line using a anti-GFP antibody in the Western Blot.
I reproduced the G2M arrest phenotype from the cell cycle screen: 72h after transfec-
tion with the two independent esiRNAs, a signiﬁcant G2M arrest of 143% for c20_esi1
and 129% for c20_esi2 (Figure 5.9 C,D) could be measured. The cell cycle proﬁle also
showed an elevated percentage of polyploid cells (PP) after knockdown of c20orf43, but
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this eﬀect was not statistically signiﬁcant. Two positive controls for G2M arrest (Eg5)
and cell division phenotype (INCENP) are shown in Figure 5.9 E and F for comparison.
B) Localisation
The cellular localisation of c20-LAP in diﬀerent cell cycle phases was investigated by
immunoﬂuorescent (IF) staining and imaging. c20-LAP is localized in the nucleus (but
not in the nucleolus) in interphase and ubiquitous during mitosis (Figure 5.10 A).
C) Involvement in DNA damage repair
As E3 SUMO-ligases are often involved in DNA damage repair processes [171, 175, 176],
I was interested in investigating a possible role for c20orf43 in this biological process.
First, in collaboration with Dragomir Krastev and Stoyno Stoynov (MPI-CBG Dres-
den), the recruitment of c20orf43 to sites of laser microirradiation was investigated. At
sites of microirradiation, DNA damage is introduced and proteins involved in DNA
damage repair processes get recruited. It is known form literature, that E3 SUMO-
ligases PIAS1 and PIAS4 accumulate at these sites [171]. Recruitment could also be
observed for c20orf43: the tagged c20-LAP localized very fast (within 2-5 seconds) to
the sites of microirradiation after the laser cut (Figure 5.10 B).
To strengthen this hypothesis of involvement of c20orf43 in DNA damage repair, my
aim was to reproduce the recruitment to sites of DNA damage by a diﬀerent approach. I
introduced DNA damage by various stimuli and investigated co-localisation of c20orf43
to these sites. I induced DNA damage with chemicals (Bleomycin, Camptothecin and
Aphidicolin) or by UV irradiation. In Figure 5.10 C and D, two representative images
of diﬀerent treatments and subsequent IF staining are shown (see methods for details).
Co-localisation of c20-LAP to the sites of DNA damage (γH2AX positive) could not be
observed for any of the diﬀerent treatments.
Thus, the results for an involvement of c20orf43 in DNA repair processes are ambiguous.
D) SUMOylation assay
E3 SUMO-ligases were shown to be modiﬁed by SUMO themselves in an
auto-SUMOylation process [168, 175] and to catalyze the formation of multi-SUMO
chains in vitro [165, 166]. To identify these two possible properties of SUMO-ligases in
c20orf43, I performed a SUMOylation assay.
c20-LAP was isolated via immunoprecipitation (IP) and incubated with E1, E2 and
SUMO1 in the presence or absence of ATP. The result is shown in Figure 5.11. In
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Figure 5.9: Knockdown eﬃciency of esiRNAs and cell cycle proﬁle of c20orf43
A: Knockdown eﬃciency of two independent esiRNAs was investigated on mRNA level 24 h post transfection.
The mRNA levels are shown as relative percentage to the Luc control (set at 100%). B: Knockdown eﬃciency
of two independent esiRNAs was investigated on protein level 48 h post transfection. c20-LAP was identiﬁed by
a α-GFP antibody. Tubulin was used as loading control. C: Example of the cell cycle proﬁle for a knockdown of
c20orf43 in comparison to the negative control Luc. The intensity of the DNA staining with Propidium Iodide
(in FL2 channel) is plotted versus the count of cells. D: Summary of cell cycle proﬁles measured 72h after
c20orf43 knockdown. The n100 score for each biological replicate is plotted in each cell cycle phase. Three
independent measurements are shown with diﬀerent colors. The average percentage of the cells in G2M phase
was calculated. T-test statistical analysis resulted in signiﬁcant diﬀerences in each independent measurement
(p<0,05 shown as ?). E+F: Results of the cell cycle proﬁle upon knockdown of two positive controls (Eg5 -
resulting in a G2M arrest and INCENP - resulting in a cell division defect) shown equivalent to C+D.
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Figure 5.10: Localisation of c20orf43 and possible function in DNA damage repair
A: IF-staining of the c20-LAP cell line shows c20orf43 in the nucleus in interphase (upper panel) and with ubiq-
uitous localisation in anaphase (lower panel). The images show both merged colors (red=tubulin, green=GFP,
blue=DAPI) and the grayscale image of the GFP staining of c20-LAP. B: c20-LAP is recruited to sites of mi-
croirradiation. Two diﬀerent snapshots of the live cell imaging show the initial cells on the left and the same cells
after 5sec on the right. The GFP-signal of c20orf43 that is recruited to the line of the laser cut can be seen in
the nucleoli, indicated by the red arrows. C: Co-localisation analysis of c20orf43-LAP (green) with sites of DNA
damage (γH2AX-positive, red). DAPI-staining is shown in blue. DNA damage was induced with Bleomycin (10
µg/ml), cells were ﬁxed after 2 h incubation. D: Same analysis as in C. DNA damage was induced with UV =
50 J/m2, cells were ﬁxed after 5 min recovery.
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the supernatant of the reaction (SN), SUMO-chains would be expected and on the
beads (BD), where the c20-LAP is bound, SUMOylated c20-LAP would be expected.
The anti-SUMO immunoblot showed a positive result with the control reaction of the
SUMylation kit (SUMOylation of RanGAP1). The bands for the negative control,
wild type HeLa cells (wt), and the c20-LAP do not show diﬀerences, denoting them as
products of non-speciﬁc background reactions (Figure 5.11 B). The presence of c20-LAP
in the reaction mix after IP was veriﬁed by a anti-GFP immunoblot (Figure 5.11 A).
Thus, auto-SUMOylation and formation of multi-SUMO chains could not be observed
for c20orf43 in this assay.
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Figure 5.11: SUMOylation assay with c20orf43
A: Result of the IP of c20-LAP. The cell lysate before(b) and after(a) IP and the coupled protein to the beads
(BD) is shown for negative control (wt) and c20-LAP (c20). B: SUMOylation assay after IP of c20-LAP. The
positive control (RanGAP1) is shown in the ﬁrst lane. Supernatant (SN) and beads (BD) after the SUMOylation
reaction were analyzed from negative control (wt) and c20-LAP (c20) All samples were generated in presence
or absence of ATP.
This negative result was obtained upon incubation with SUMO1. As SUMOylation
reactions might be diﬀerent with diﬀerent SUMO isoforms (SUMO1 or SUMO2/3), the
same assay was performed with SUMO2. The result was comparable to the one shown
in Figure 5.11.
E) Interacting proteins
In collaboration with the proteomics group of Matthias Mann (MPI Biochemistry, Mu-
nich), a label-free QUBIC (quantitative BAC-GFP interactomics) [177] was performed
to identify possible interacting proteins. This assay was carried out with the C-terminal-
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LAP-tagged c20orf43 (bait=5085) and the N-terminal-NFLAP-tagged c20orf43
(bait=5202). The result is shown in Figure 5.12. Interacting proteins would be repre-
sented beyond the dashed red line in the top right of the volcano plot, indicating a high
intensity ratio compared to negative control (x-axis) and high statistical signiﬁcance
(y-axis). Only the bait protein itself was found (AD-007 is an alternative name for
c20orf43). Thus, no speciﬁc interaction partner could be determined for any of the two
cell lines.
Figure 5.12: Label-free QUBIC of c20orf43
Result of label-free QUBIC with c20-LAP (bait	5085) and the N-terminal tagged c20orf43 (bait	5202) represented
as a volcano plot. The logarithmic ratio of protein intensities in the c20orf43/HeLa(wt) pulldowns were plotted
against negative logarithmic p-values of the t test performed from triplicates (details in [177]). The dots are
colored according to their cellular localisation (green: ribosome, blue: endoplasmic reticulum, light blue: other).
The bait c20orf43 is labeled with an alternative name: AD-007.
F) Summary of experimental results
In summary, I obtained the following results by experimental characterization of c20orf43:
a) a G2M arrest phenotype 72h after knockdown with two independent esiRNAs, b) nu-
clear localisation in interphase, c) a potential role in DNA repair (ambiguous results)
and d) no speciﬁc interaction partners. The hypothesis that c20orf43 is a E3 SUMO-
ligase could neither be veriﬁed nor proven to be wrong based on these experimental
results.
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5.3.5 Discussion on c20orf43 results
A) Computational results of c20orf43
I derived the following structure and function hypothesis for c20orf43: a possible SAP-
domain in the N-terminus and a SP-RING domain in the central region (Figure 5.8).
This implies that c20orf43 could be a putative novel human E3 SUMO-ligase.
The presence of a central RING-like domain was already suggested by application
of sequence-based methods [161]. My comprehensive sequence- and structure-based
analysis of the proposed RING-like domain, identiﬁed a putative SP-RING domain
that potentially binds one zinc ion. This SP-RING domain might be part of a novel
E3 SUMO-ligase. This prediction is substantiated by a possible SP-CTD domain C-
terminal to the SP-RING.
In the N-terminus of c20orf43, I discovered a putative SAP domain. This predic-
tion was possible by using the knowledge that c20orf43 is a putative E3 SUMO-ligase
and ﬁltering the StrAnno results by annotation with SUMO. The evaluation of this
structural hypothesis gave positive results in both alignment quality and quality of the
modeled structure. Together with the fact that other E3 SUMO-ligases contain SAP-
domains in their N-terminus, this structural prediction is very convincing, albeit the
very low sequence identity of only 12%. This is a striking example how structure-based
computational methods might help identifying remote homologies, which escape anno-
tation by sequence-based searches.
If the predicted SAP domain would also be able to bind DNA is unclear based on the
computational evaluation of the 3-dimensional model. Nevertheless, the ability to bind
DNA is not essential for SAP domains as there are many SAP-domains known that do
not bind DNA [173].
Additionally, I identiﬁed two speciﬁc sequence motifs (SIM and SUMOylation site)
that are often found in E3 SUMO-ligases and hence support the functional hypothesis.
In summary, I suggest that the previously uncharacterized human protein c20orf43 could
be functionally annotated as E3 SUMO-ligase based on the prediction of a putative SAP
and SP-RING domain. My hypothesis could be the missing link between the observation
of Inagawa and co-workers, who showed that ptm3 (SUMO in S.pombe) deletion has a
similar phenotype as the Rtf2 deletion [161].
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B) Experimental results of c20orf43
In the experimental characterization of c20orf43, I obtained the following results:
I reinforced the cell-cycle related phenotype showing a signiﬁcant G2M arrest. As this
has only been shown by one high-throughput experiment before, my results substantiate
the observed phenotype by measuring the knockdown eﬃciency and a signiﬁcant cell
cycle arrest in a small-scale experiment.
I obtained ambiguous results in the investigation of a potential role for c20orf43 in DNA
damage repair and further examination is needed to conclude on this issue. In PIAS1
and 4, deletion of the SAP domain inhibited the recruitment to sites of microirradiation
[171]. Similar deletion experiments of the putative SAP domain of c20orf43 as well
as application of diﬀerent chemical or physical stimuli to induce DNA repair could be
studied to gain more insight in this possible biological function of c20orf43.
SUMOylation and SUMO-chain formation could not be detected in the in vitro SUMOy-
lation assay. I performed this assay with the immunoprecipitated c20-LAP. As c20-LAP
protein was still coupled to the beads, it might have been hindered to perform the reac-
tion. It is possible that diﬀerent results would be obtained with recombinantly expressed
and puriﬁed protein. However, these two properties that I could not prove for c20orf43
are optional and not essential for functional SUMO-ligases.
As no speciﬁc interaction partners could be determined, the interaction of Rtf2 with
PCNA, which was shown in S.pombe [161], could not be reproduced in human cells. E3
SUMO-ligases are also known to interact with Ubc9 (SUMO-E2). However, as this is a
transient interaction and not a obligatory protein complex, it might be diﬃcult to be
detected by a QUBIC approach.
Taken together, I could not verify the hypothesis that c20orf43 might be a E3 SUMO-
ligase by experimental means. However, the structural and functional prediction could
also not be proven to be wrong.
The most direct way to verify the prediction would be discovering the substrate
of the E3 SUMO-ligase. It is not possible to predict the substrate computationally
as substrate interaction of SUMO-ligases is very variable [164, 170]. A possibility of
identifying the speciﬁcity for this putative E3 SUMO-ligase could be based on mass
spectrometry approach. Recently, there have been advances to enrich for SUMOylated
proteins in proteomics [178, 179], which might be used to identify substrates of c20orf43
by comparing changes in the SUMOylation proﬁle after knockdown of c20orf43.
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C) Biological function of c20orf43
It is diﬃcult to predict in which biological process the putative E3 SUMO-ligase could
be involved. I could show that c20orf43 is important in G2M phase of the cell cycle.
Many of the key regulators of cell cycle, e.g. p53 [169] or cohesion subunits [175], are
SUMOylated and c20orf43 might be a novel regulator of these processes. The G2M
arrest of c20orf43 is not very pronounced compared with Eg5 that is directly involved
in mitosis (n100=135% in c20orf43 compared to 400% in Eg5), and thus could also be
a secondary eﬀect of the knockdown of c20orf43.
SUMO-ligases play a role in the regulation of several other fundamental cellular pro-
cesses, such as gene regulation, DNA replication and repair and rRNA-related pathways
[176, 179, 180]. I investigated a possible function in DNA damage repair, but, based on
my results, I can neither conclude nor deny an involvement of c20orf43 in this process.
The ﬁssion yeast homolog of c20orf43, Rtf2, is involved in site-speciﬁc replication
termination in the mating-type locus of the S.pombe genome. This process is speciﬁc to
yeast, but a similar replication termination process takes place in human rDNA [181].
It was shown that Rtf2 acts downstream of Rtf1 [161]. The human ortholog of Rtf1,
TTF-1, is known to be involved in regulation of the mammalian rRNA genes [182, 183].
These rRNA pathways are often regulated by SUMO-modiﬁcation and c20orf43 might
take part in these regulatory processes. However, as rRNA is processed in the nucleolus,
my results of a nuclear (and not nucleolar) localisation of c20orf43 argue against it.
But, in a diﬀerent study, c20orf43 was found in the proteome of the nucleolus [184].
Therefore, it might be possible that c20orf43 is a E3 SUMO-ligase that is involved in
the regulation of rRNA pathways.
5.4 G1 arrest phenotype
Apart from structure-based functional characterization of c20orf43, I focused on another
subset of the 1351 hits of the cell cycle RNAi screen, namely all proteins that were clas-
siﬁed as G0/G1 arrest. I chose this phenotypic class because potential novel oncogenes
or cancer-related mechanisms could be discovered, and because some transgenic cell
lines were already available that might accelerate experimental characterization.
5.4.1 Dataset and hit selection
As I experienced in the structural hypothesis of the SAP domain of c20orf43, precise
functional data can facilitate identiﬁcation of domains by structure-based computational
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methods. Therefore, I enlarged my original dataset of the 239 unknown sequences and
additionally included functionally characterized proteins. I only chose proteins where a
transgenic cell line was already available. From this subset, I selected all proteins that
showed a G0/G1 arrest phenotype that was determined with two independent esiRNAs
and had a maximum sequence length of 1000 residues.
This hit selection procedure resulted in a set of 90 sequences, which I named
90hitsG1". In the pre-processing of StrAnno, I identiﬁed sequence similarity to al-
ready structurally characterized domains by BLAST (section 4.3.2). Thus, all regions
of the 90hitsG1" proteins that could be annotated based on signiﬁcant sequence sim-
ilarity to characterized domains were cut out in the end of the pre-processing module.
Only parts of the proteins without obvious resemblance to known structures were fur-
ther processed by the next module of StrAnno, the protein structure prediction by the
threading algorithm ProHit (section 4.3.3).
In summary, the pre-processing of this dataset identiﬁed 17 proteins containing
transmembrane helices and 14 with low complexity regions. In 35 proteins, the BLAST
search identiﬁed regions that could be structurally annotated by sequence similarity.
From the original 90 sequences, 8 proteins were not further processed as the remaining
parts after the sequence cutting were too small. Thus, the domain prediction (section
4.2.3) was performed for 82 proteins sequences that were cut in 182 parts to perform
structure prediction by threading.
To be able to identify interesting proteins for more detailed analysis, I searched for
proteins with a strong phenotype. Therefore, I extracted the scores from the RNAi
screen and ordered the list according the mean Z-score in the G1 phase (avG1 ) of
both primary and secondary screen (Table 5.3). Furthermore, I compiled all results
from the pre-processing and looked up the domain annotation in biological databases to
know the position of annotated functional domains. By summarizing the results of the
consensus secondary structure prediction, I searched for candidate proteins that have
at least one region of the protein that is structurally not characterized (Parts ukn), but
was predicted to contain several secondary structure elements (Parts SSP). The results
are shown in Table 5.3. Only proteins with a avG1>5 are shown.
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Table 5.3: Overview of pre-processing results of G1 arrest candidates
The following information was extracted for each protein: ENS_ID : ENSEMBL gene ID, UP_ID :
Uniprot ID, Len: sequence length in aa, Domains: functional domains annotated in PFAM, SMART, CDD,
Prosite or found by StrAnno-BLAST ﬁlter and non-globular regions annotated by StrAnno, PDB : region,
where a PDB structure is known, Parts ukn: regions of protein sequence where structure is not known
and cannot be predicted by comparative modeling, Parts SSP : secondary structure prediction of parts
ukn, weak/medium/strong= percentage of structural elements predicted in parts ukn" <20/ 20-60/ >60%
respectively, Pub: number of publications about the proteins (from Uniprot); only investigated, if there are
parts ukn, avG1 : mean Z-score of G1-phase from primary and secondary cell cycle screen. The proteins are
ordered by the avG1 score.
ENS_ID UP_ID Len Domains PDB Parts
ukn
Parts
SSP
Pub avG1
ENSG00000122741 WDR32_HUMAN 559 WD40 1-170,
320-560
weak 1 9.95
ENSG00000159496 RGDSR_HUMAN 473 Ras-GEF 1-120 strong 2 9.05
ENSG00000136997 MYC_HUMAN 454 HLH, Leu-zipper 55-68,
353-434
1-350? medium >4 8.6
ENSG00000185051 RB43L_HUMAN 181 Ras-domain - 8.55
ENSG00000165695 CI098_HUMAN 479 2x Adenylat ki-
nase
1-50 medium 1 8.15
ENSG00000162378 ZY11B_HUMAN 744 LRR, ARM 1-144 strong 1 8.15
ENSG00000170191 NANP_HUMAN 248 hydrolase full - 7.80
ENSG00000053328 CF186_HUMAN 346 SAM-MTase,
SP, LCR(?)
20-346 strong/
medium
0 7.60
ENSG00000185942 NKAI3_HUMAN 179 ATPase Na/K-
trans, 3xTM
85-147 weak 0 7.55
ENSG00000135686 KLH36_HUMAN 616 BTB, BACK,
Kelch
- 7.45
ENSG00000145782 ATG12_HUMAN 140 APG12 - 7.25
ENSG00000183128 CAHM3_HUMAN 350 3-4xTM, LCR 1-50,
285-350
medium 1 7.15
ENSG00000145075 CCD39_HUMAN 755 full strong,
Coiled-
Coil
2 7.05
ENSG00000137947 TF2B_HUMAN 316 Zn-ﬁnger, 2xRe-
peat
1-60,
110-316
- 6.95
ENSG00000143545 RAB13_HUMAN 203 Ras-GTPase - 6.85
ENSG00000126790 PRCM_HUMAN 354 Pro_racemase - 6.60
ENSG00000197847 S22AK_HUMAN 555 Organic cation
transporter, 10x
TM
- 6.55
ENSG00000179542 SLIK4_HUMAN 837 18 LRR, 1TM 600-837 medium 1 6.5
ENSG00000123485 HJURP_HUMAN 748 Scm3, LCR(?) full medium/
strong
4 6.2
ENSG00000183576 SETD3_HUMAN 594 SET, Rubisco 1-80,
480-594
medium/
strong
0 6.05
ENSG00000138813 CD017_HUMAN 359 LCR full strong/
weak
0 5.9
ENSG00000104518 GSDMD_HUMAN 484 Gasdermin (?) full strong 3 5.85
ENSG00000112782 CLIC5_HUMAN 410 Thioredoxin,
GST_C, TM(?)
1-170 weak >4 5.75
ENSG00000145996 CDKAL_HUMAN 597 SAM-MTase, TM - 5.7
ENSG00000100522 GNA1_HUMAN 184 acyl-CoA-
acyltransferase
full - 5.65
ENSG00000167799 NUDT8_HUMAN 236 Nudix hydrolase - 5.65
ENSG00000148671 APM2_HUMAN 76 LCR(?) full strong 0 5.55
ENSG00000158122 CI021_HUMAN 226 Thioredoxin (?) 1-50,
135-226
strong 1 5.5
ENSG00000187231 SESD1_HUMAN 696 CRAL_TRIO,
3xSpectrin
- 5.45
ENSG00000151539 F86A2_HUMAN 329 Methyl- trans-
ferase
1-120 medium >4 5.35
ENSG00000166669 MCAF2_HUMAN 682 FibronecType3,
pot.Coil
1-570 strong 1 5.25
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Table 5.3: (continued)
ENS_ID UP_ID Len Domains PDB Parts
ukn
Parts
SSP
Pub avG1
ENSG00000025293 PHF20_HUMAN 1012 Tudor, Zn-
ﬁnger, PhD
90-450,
470-
650,
700-end
strong/
weak
>4 5.25
ENSG00000185267 ARMEL_HUMAN 187 3-133 - 5.2
ENSG00000139946 PELI2_HUMAN 420 Pellino 7-289 290-420 weak >4 5.2
ENSG00000155393 HEAT3_HUMAN 680 ARM/ HEAT 140-680 strong 2 5.1
ENSG00000133872 TMM66_HUMAN 339 3xTM, SP(?) 30-170 Weak/
medium
1 5.1
ENSG00000167925 GHDC_HUMAN 530 SP/ LCR, Acetyl-
coA- Synthetase
full strong 1 5.05
ENSG00000166471 TM41B_HUMAN 291 6xTM - 5.05
ENSG00000188554 NBR1_HUMAN 966 PB1, UBA,
Zztype, ATG8
1-85,
916-956
250-900 medium >4 5
5.4.2 Overview of results
From Table 5.3, I extracted seven candidate proteins that fulﬁlled the criteria of hav-
ing structurally unknown regions with a high percentage of predicted structural ele-
ments. They are shown in bold in the table: ZYB11_HUMAN, CF186_HUMAN,
SLIK4_HUMAN, HJURP_HUMAN, APM2_HUMAN, MCAF2_HUMAN and
PHF20_HUMAN. My aim was to reproduce the G1 arrest phenotype in an initial
experiment as false positives could still be possible in these selected proteins although
I already applied stringent ﬁlters to select them (validation with 2 esiRNAs). This
validation step is important because the phenotype guides the following structural and
functional prediction.
First, I investigated these seven proteins more carefully by comprehensive literature
search to assure that there is a region where no structural information is known. After
this analysis, I discarded two proteins: The unknown region (aa 1-144) of
ZYB11_HUMAN was characterized by sequence-proﬁle searches as a VHL-box in the
C.elegans ortholog [185]. This motif is also present in the human ZYB11_HUMAN.
CF186_HUMAN was sorted out because of an annotation change in the ENSEMBL
database. The esiRNAs that produced the phenotype of the RNAi screen do not target
the unknown protein CF186_HUMAN, but the functionally characterized neighbouring
gene D-aspartate oxidase (OXDD_HUMAN).
Hence, I started with ﬁve candidate proteins, for which I measured knockdown
eﬃciency with one esiRNA and determined a cell cycle proﬁle 72h post transfection.
The result is shown in Figure 5.13 A. Based on this initial experiment, I selected two
proteins, which showed a good knockdown eﬃciency and an increased number of cells
in the G1 phase: HJURP and PHF20. In the following, both of these proteins were
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Figure 5.13: Knockdown eﬃciency and cell cycle proﬁle of G1 candidates
A: left : Knockdown eﬃciencies of esiRNAs targeting the ﬁve selected proteins and Eg5 as positive control were
investigated on mRNA level 24 h post transfection. The mRNA levels are shown as relative percentage to the
Luc control (set at 100%). right : Cell cycle proﬁles measured 72h after esiRNA transfection. The n100 score
for each biological replicate is plotted in each cell cycle phase. Green boxes highlight the results for the G1
phase of HJURP and PHF20. Myc esiRNA was used as positive control for the G1 arrest. B: left : Knockdown
eﬃciency of two independent esiRNAs targeting PHF20 and Eg5 as positive control was investigated on mRNA
level 24 h post transfection. right : Cell cycle proﬁles measured 72h and 96h after PHF20 knockdown with two
independent esiRNAs. The n100 score for each biological replicate is plotted in each cell cycle phase. T-test
statistical analysis resulted in signiﬁcant diﬀerences in G1 phase with PHF20_esi1 (p<0,05 shown as ?) but
not with PHF20_esi2.
Independent experiments are shown with diﬀerent colors in all plots. HJ : HJURP_HUMAN, AP : APM2_-
HUMAN, SL: SLIK4_HUMAN, PH : PHF20_HUMAN, MC : MCAF2_HUMAN.
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measured repetitively with two independent esiRNAs at two diﬀerent time points (72h
and 96h post transfection).
For PHF20, I could determine a signiﬁcant G1 arrest for the ﬁrst esiRNA, but this
result could not be reproduced with the second esiRNA (Figure 5.13 B). This negative
result for the second esiRNA for PHF20 could be explained by carefully re-analysing the
results from the RNAi screen: the two esiRNAs that were used in the screen were not
independent, but overlapping to 80%. With my newly designed secondary independent
esiRNA, I could not reproduce the phenotype. Thus, I assume that unspeciﬁc oﬀ-target
eﬀects of the ﬁrst esiRNA lead to the measured phenotype. Therefore, PHF20 was not
studied further.
The experimental results for HJURP and the structure-based computational analysis
are presented in the next section.
5.5 Characterization of HJURP
5.5.1 Literature on HJURP
HJURP protein has at least two proposed biological functions: Kato and co-workers
gave the name to the Holiday Junction Recognition Protein (HJURP) as they could
show in vitro binding to Holiday junctions and a role in double strand break repair
[186]. Furthermore, they showed interaction of HJURP with hMSH5 and NBS1 and
overexpression of HJURP in lung cancer cells.
HJURP also has a role in the cell cycle. It was shown to function as a histone chaperone
that is necessary for loading CENP-A onto the kinetochore prior to mitosis. CENP-A
is a Histone H3 variant and is present at centromeric histone complexes. HJURP is a
CENP-A selective chaperone that mediates CENP-A incorporation in early G1-phase
[187, 188]. For this function, mainly the N-terminal region, which is homologous to the
Scm3 protein of S.cerevisiae, is important [189, 190].
HJURP was also identiﬁed as a promising predictive marker for radiotherapy in breast
cancer [191], and it was shown that HJURP binds to 14-3-3 by phosphorylated Ser479
[192].
The structure of HJURP was not known when I started my investigation of HJURP
protein. But, a few weeks later, the ﬁrst crystal structure of the N-terminal part (aa
1-80) of yeast ortholog Scm3 was published [193]. Scm3 forms a trimeric complex with
Histone H4 and Cse4 (yeast ortholog of CENP-A) via a long α-helix. The 3-dimensional
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structure of the human complex was also solved recently and agrees with the structure
determined for the N-terminal part of the yeast ortholog [194].
There is also data published on the cell cycle phenotype of HJURP upon RNAi
knockdown. This data is contradictory: On the one hand, a signiﬁcant increase in G2M
and >4N cell population was shown (in U2OS cells, 48 h post transfection [186]), and,
on the other hand, no eﬀect on the cell cycle was claimed twice (in U2OS cells 144h
post transfection [188] and in HeLa cells, 48 and 72 h post transfection [187]). In the
RNAi cell cycle screen as well as in my preliminary results, a G0/G1 arrest is suggested
upon HJURP knockdown. Thus, I was interested to study this more thoroughly to be
able to sort out these ambiguous published results.
5.5.2 Experimental results
A) Knock-down eﬃciency of esiRNAs
The knockdown eﬃciency of the two esiRNAs was investigated on mRNA and protein
level. I could measure a stable knockdown of ≈ 85% for HJ_esi1 and ≈ 80% for
HJ_esi2 (Figure 5.14 D). Knockdown eﬃciency of Eg5 was measured as a positive
control. On protein level, I obtained a similar knockdown eﬃciency for both esiRNAs
(Figure 5.14 B). HJURP protein was detected with a mass of about 95kDa on the
Western Blot. As the theoretical protein mass is 84kDa, this result suggests a possible
post-translational modiﬁcation that is not known so far.
B) Cell cycle proﬁle
Parallel to the measurement of the knockdown of HJURP, I measured the cell cycle
proﬁle. The results are shown in Figure 5.14 A and C. Knockdown of HJURP protein
resulted in a moderate G1 arrest of an average n100=107% with both esiRNAs. Myc
RNAi was used as a positive control for G1 arrest and showed a n100 score of 115% in
average. The cell population in G1 phase was signiﬁcantly increased 96h after knock-
down with HJ_esi1. 72h post transfection of HJ_esi1, an elevated number of cells in
G1 phase could be measured but the data is not signiﬁcantly diﬀerent from the Luc
control. For HJ_esi2, the eﬀect was vice versa: I measured a signiﬁcant G1 arrest after
72h but not after 96h. Thus, the cells responded slightly diﬀerent to the two esiRNAs.
In addition to the cell cycle proﬁle, I also extracted data about the size of the cells
in G1 phase after RNAi treatment. As shown in the boxplots in Figure 5.14 E, G1-cells
after myc-knockdown are signiﬁcantly bigger than the negative control. I could show
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this increase in size for knockdown with HJ_esi1, but not for the secondary esiRNA of
HJURP.
Taken together, I showed a moderate G1 arrest for two independent esiRNAs of HJURP.
An increase in size of G1 phase cells could only be shown for one of the two silencing
triggers.
5.5.3 Sequence-based analysis
The protein sequence of the main isoform of HJRUP is 748aa long. In the pre-processing
steps of StrAnno, non-globular regions or similarities to structural domains were not
identiﬁed. A summary of the secondary structure prediction is shown in Figure 5.15:
several secondary structure elements are predicted in the entire sequence except the last
100aa of the C-terminal region. The automatic domain prediction algorithm of StrAnno
split the sequence of HJURP in 6 parts (cutting sites are shown in green in Figure 5.15).
I reconsidered these cutting sites by analyzing the orthologous sequences of HJURP of
diﬀerent species. The evolutionary conservation of HJURP sequence varies for diﬀerent
parts of the protein [190]. Homologous sequences of the N-terminal region are found
in vertebrata and fungi and share the function of a CENP-A (Cse4) speciﬁc histone
chaperone [193]. The full length protein is only conserved in mammals. I analyzed
the evolutionary conserved parts of the mammalian orthologs and combined them with
the secondary structure prediction to extract four putative structural domains of the
HJURP sequence for further analysis (Figure 5.15). I excluded the N-terminal region
as its X-ray structure was recently solved [194]. Part3 and Part4 are suggested to be a
repetitive domain [190] as they share a sequence identity of 34%.
5.5.4 Structure prediction results
StrAnno was used to perform fold recognition of the four putative structural domains of
HJURP (part1-4) with the pdb95 fold library. In the post-processing, the Structure-to-
Function Connector (SFC) was applied to ﬁlter for alignments that cover at least 70%
of the template domain (domain coverage ﬁlter) and to ﬁlter for structural folds known
to be involved in the G1-phase of cell cycle (Fold-to-GO-map with keyword G1).
I could derive a conﬁdent structural prediction for two out of the four analyzed parts
(part1 and part3), which are presented in the following sections.
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Figure 5.14: Knockdown eﬃciency and cell cycle proﬁle of HJURP with two esiRNAs
A: Example of the cell cycle proﬁle for a knockdown of HJURP (left) and Myc (right) in comparison to the
negative control Luc. The intensity of the DNA staining with Propidium Iodide (in FL2 channel) is plotted
versus the count of cells. HJURP and Myc knockdown results reduction of cells in S and G2M, thus a arrest in
G1 phase. B: Knockdown eﬃciency of two independent esiRNAs of HJURP was investigated on protein level
48 h post transfection. Tubulin was used as loading control. C: Summary of cell cycle proﬁles measured 72h
and 96 h after HJURP knockdown with two independent esiRNAs. Myc esiRNA was used as positive control
for the G1 arrest. The n100 score for each biological replicate is plotted in each cell cycle phase. The average
percentage of the cells in G1 phase was calculated. T-test statistical analysis resulted in signiﬁcant diﬀerences
in independent measurements (p<0,05 shown as ?, p<0,005 shown as ??). D: Knockdown eﬃciencies of
two independent esiRNAs of HJURP and Eg5 as positive control were investigated on mRNA level 24 h post
transfection. The mRNA levels are shown as relative percentage to the Luc control (set at 100%). E: Cell size
of G1-cells shown as notched boxplot. Cell size was determined by the forward scatter that is depicted on the
y-axis.
Diﬀerent colors indicate independent experiments. Equal colors in C,D and E show measurements of the same
transfection experiment.
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Figure 5.15: Domain prediction of HJURP
The secondary structure prediction of HJURP is shown on the top (blue-helical, yellow-strand, turquoise-
structured). The four cutting sites of the automatic domain prediction of StrAnno (section 4.2.3) are marked
with green lines. Below, an overview of the multiple sequence alignment of mammalian orthologs is represented.
The four sequence parts that were investigated by threading are shown at the bottom.
A) HJURP-part1
The threading results of HJURP-part1 (aa 133-201) with the pdb95 fold library were
ﬁltered with the GO-keyword G1 to enrich for protein folds known to play a role in
the G1-phase of cell cycle. All structural folds of this ﬁltered result within the Top200
ranks of the original hit list are shown in Table 5.4.
Table 5.4: Threading results for HJURP-part1
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SSElack 4 72 32,09 2,57 4,9 7,76 23,08 78 211 b.1.1.1 2HFF L CB2 Fab
(TP) 8 90 29,6 2,2 4,69 7,47 25 64 147 b.40.4.5 1KHI A Hex1
TP 55 91 23,76 2,55 4,46 6,29 20,83 72 77 d.15.1.1 2WYQ A Rad23 ho-
molog A
FuncRes 114 78 20,77 3,71 4,05 4,93 18,18 77 324 d.47.1.1 2GU1 A Zinc peptidase
SSElack 184 82 18,39 3,91 4,64 4,11 15 80 100 c.46.1.2 3FOJ A uncharacterized
protein
Threading results of HJURP-part1 against pdb95 ﬁltered with the SFC: template structures are annotated with
the GO-keyword G1 and have a domain coverage >70%. The results are ordered by the ThdIdx. Rank: rank
in original result list with pdb95 ﬁltered by DomCov>70%, DomCov: percentage of SCOP domain covered by
alignment, ThdIdx: Threading-Index (normalized score of ProHit z-scores), Z-pair/surf/seq: Z-scores obtained
by ProHit fold recognition (section 2.2.2), %Id: percent of sequence identity, FL: fold length, PL: path length,
SCOP: SCOP family Id, PDBdescr: shortened description from PDB header.TP: true positive, (TP): possi-
ble true positive after initial analysis, SSElack: Secondary structure elements of template lack in alignment,
FuncRes: important functional residues in fold missing in alignment with HJURP.
After an initial evaluation step of the proposed folds, three hits were identiﬁed as
false positives: b.1.1.1 (pdb: 1hef) and c.46.1.2 (pdb: 3foj) because of missing secondary
structure elements of template in the alignment and d.47.1.1 (pdb: 2gu1) because of
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no conservation of important functional residues. I considered the remaining two folds
(b.40.4.5 and d.15.1.1) as possible high conﬁdence hits.
More detailed analysis of these two possibilities did not favor HJURP-part1 adopting
a OB-like fold (SCOP: b.40) because of two reasons: the alignment to diﬀerent members
of the fold family was not consistent, and the best scoring OB-like templates were
associated with ribosomal RNA binding, which does not ﬁt to the centromeric function
and localisation of HJURP. On the other hand, HJURP-part1 aligned in a consistent
way to diﬀerent members of the Ubiquitin-like fold family (SCOP: d.15), and the best
scoring templates are regulatory Ubiquitin-like domains (Ubl) that are common in DNA
repair proteins.
Thus, I went on to evaluate the structural hypothesis that HJURP-part1 could be
a Ubl domain. As already mentioned, the threading with a fold library of the beta-
Grasp (ubiquitin-like) domains (SCOP: d.15, 1756 templates) resulted in a consistent
alignment of HJURP-part1 sequence (Figure 5.16). The best scoring template (human
BAG6, pdb: 1wx9, NMR structure) was chosen to build the model of HJURP (Figure
5.17 A) based on the sequence-to-structure alignment generated by ProHit (Figure 5.17
B). BAG6 and HJURP-part1 share 15% sequence identity in the aligned region. The
RMSD of the Cα-atoms of minimized 3-dimensional model and the template structure
is 1,83Å.
 Evaluation of alignment:
The predicted secondary structure for HJURP in this region matches the struc-
tural elements of the templates (Figure 5.16). I evaluated if important functional
residues of the Ubiquitin-like fold are present in HJURP. Therefore, I compared
the sequence-to-structure alignment with the sequence proﬁle of the Ubiquitin
family from PFAM (PF00240) and marked the degree of conservation of each
residue with 0 to 3 dots (0= not conserved, 3= highly conserved) as shown in Fig-
ure 5.17 C. Many of the conserved residues (19 out of 26 most conserved residues)
in this protein family are aligned to similar residues in HJURP (highlighted with
red dots in the Figure). 9 of the 26 most conserved residues in Ubiquitin-like do-
mains are not conserved or aligned to gaps in the sequence-to-structure alignment
with HJURP (highlighted with red x in the Figure). However, the global con-
servation pattern in HJURP sequence in comparison with the sequence motif of
the Ubiquitin family favors the prediction that HJURP-part1 is a remote homolog
of the Ubiquitin-like domains.
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Figure 5.17: Putative Ubiquitin-like (Ubl) domain in HJURP-part1
A: Blue ribbon represents the template structure of the Ubl domain of human Bag6 (pbd: 1wx9). The pink
ribbon represents the model of HJURP-part1. The residues of the conserved salt bridge of the template and the
residues of the putative salt bridge in the model are shown with sticks. B: Structure-based sequence alignment
of HJURP-part1 with the template 1wx9. Below the alignment, the core residues of 1wx9 are indicated with
"c", the residues forming the salt bridge with "#" and phosphorylated residues of HJURP with "p". Secondary
structure of template and secondary structure prediction (SSP) of HJURP are shown with red bars for α-
helices and green arrows for β-strands. C: Comparison of PFAM sequence proﬁle of the Ubiquitin family
(PF0024) with the HJURP sequence. The degree of conservation of each residue is marked with black dots:
0/x=not conserved in HJURP, 3=very conserved in HJURP. D: Structure-based sequence alignment of several
Ubl domains denoting the interface for protein-protein interaction. Boxed residues mark interacting residues
observed in crystal structures, which are grouped into three regions (interface region 1, 2 and 3). "+" and "-"
mark high and low conservation of possible interacting residues in HJURP. E: Molecular surface of two Ubl-
domains (pdb: 3m63 and 1wx9) and the 3-dimensional model of HJURP. Surfaces are colored by the electrostatic
potential and show the region marked as "interface" in D.
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 Evaluation of 3-dimensional model:
Chen and co-workers summarized that the common structural features of Ubl
domains are conserved hydrophobic core residues and a salt bridge linking helix α1
with the loop between β4-strand and helix α2 [195]. In the proposed 3-dimensional
model of HJURP, the majority of the hydrophobic core residues of the template
structure (marked with c" in the alignment in Figure 5.17 B) are conserved in
HJURP. A good packing of the hydrophobic core residues of HJURP could be
observed by detailed visual inspection, suggesting a compact core of the of the
3-dimensional model. I evaluated the model with three model quality assessment
web-servers (see methods for details) and obtained the following results: The
average 3D-1D score of Verify3D is 0,29 (87,5% of the residues in model with 3D-
1D > 0,2), which suggests a high quality of the modeled structure. This positive
result is substantiated by both ERRAT (overall quality factor=100%) and ProSA
(z-score=-4,46 - within the range of scores typically found for native proteins of
similar size).
The fold-speciﬁc salt bridge of the template is formed between K34 and D59 of
BAG6 (marked with #" in the alignment and shown as sticks in Figure 5.17
A,B). In HJURP, the lysine is conserved (K143), but the aspartate is aligned to
a gap in the sequence alignment. However, E164 of HJURP is in a similar spatial
position as D59 of BAG6 and could possibly form the stabilizing salt bridge with
K143 (Figure 5.17 A,B).
HJURP sequence is phoshphorylated at three residues in this region: T122, S140
and S185 (marked with p" in the alignment in Figure 5.17 B) [196, 197]. These
three residues are positioned at the outer surface of the protein structure in the
proposed model and thus accessible for modiﬁcation.
 Evaluation of functional characteristics:
Ubl domains are protein-protein interaction domains mainly mediating interac-
tions to subunits of the proteasome [198]. I was interested to investigate if the
putative Ubl domain of HJURP-part1 could mediate similar protein-protein in-
teractions. To pinpoint the interacting region of Ubl domains, I extracted the
binding regions of protein complexes of Ubl domains from the interaction database
SCOWLP [128]. Additionally, I considered a recently solved structure of an Ubl-
complex [198]. Although the Ubl domains interact with several diﬀerent proteins
adopting diﬀerent structural folds, the interface shares a similar pattern in all
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complexes. The interaction surface covers three parts of the Ubl-sequence (boxed
residues in Figure 5.17 D labeled as interface region 1,2 and 3). There are 11
residues that participate in the interface of most complexes and share similar
properties (marked in Figure 5.17 D in HJURPcons annotation).
First, I investigated if the most conserved residues of the Ubl interface are also
present in HJURP based on the structure-based sequence alignment (Figure 5.17
D). The physicochemical properties of 6 out of the 11 conserved interacting residues
in Ubl domains are present in HJURP sequence (marked with + in Figure 5.17
D). Second, I analyzed this putative interaction surface on the structural level by
comparison of the electrostatic potential of Ubl surfaces with the molecular surface
of HJURP modeled as a putative Ubl domain (Figure 5.17 E). The distribution of
hydrophobic regions (white regions on the surface) is similar in HJURP and known
Ubl-domains. But, the HJURP model is missing some positively charged residues
that surround the interface of Ubl-domains (blue regions on the surface). These
positively charged residues also contribute to the interface, e.g. in the interaction
between Ufd2 and Rad23-Ubl (pdb: 3m63) [198]. However, the main interaction
surface is thought to be of a hydrophobic nature [195]. Based on these results, I
conclude that HJURP might have similar protein-protein interaction surface, but
the variety of interaction modes of Ubl domains make it challenging to derive a
conﬁdent prediction.
In summary, I obtained positive results for both the alignment and model quality eval-
uation of HJURP-part1 being a putative Ubl domain. If the putative Ubl domain of
HJURP could be involved in similar protein-protein interactions as other Ubl domains,
cannot be predicted with conﬁdence.
Ubl domains mostly occur in N-terminal regions of proteins [199], which would also be
the case in HJURP, and thus supports this structural hypothesis.
An UBA-domain (ubiquitin associated domain) is often present in proteins that possess
Ubl domains. I examined if this could be the case in HJURP, but I could not detect
any structural resemblance to a UBA-fold in the other regions of HJURP sequence by
analysis of the StrAnno results. Taken together, the results of the alignment and model
evaluation favor the structural hypothesis for HJURP-part1 being a remote homolog of
the Ubiquitin-like (Ubl) domain family.
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B) HJURP-part3
The threading results of HJURP-part3 (aa 400-478) with the pdb95 fold library were
ﬁltered with the GO-keyword G1 to enrich for protein folds known to play a role in
the G1-phase of cell cycle. All diﬀerent structural folds of this ﬁltered result that were
ranked in the Top50 of the original list are shown in Table 5.5.
Table 5.5: Threading results for HJURP-part3
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TP 2 70 36,25 4,13 4,82 6,5 17,57 74 225 a.4.6.1 2GWR A DNA-bind
regulator
mtrA
FuncRes 12 100 25,55 1,69 4,93 6,44 20 70 87 b.40.4.12 2WG5 H general control
protein GCN4
SSElack 15 90 24,87 3,67 3,19 6,26 20,97 62 165 d.15.3.1 1V8C D MoaD related
protein
SSElack 24 79 22,7 4,89 2,05 5,52 18,42 76 108 d.26.1.1 3GPK B prolyl cis-trans
isomerase
FuncRes 28 92 22,26 4,16 3,28 5,11 18,67 75 87 c.46.1.2 1WV9 A Rhodanese
oomolog
TT1651
(TP) 31 72 22,11 2,48 3,22 6,66 21,13 71 210 b.34.9.3 2R57 A Polycomb pro-
tein Scm
FuncRes 33 96 21,73 4,93 3,74 4,08 17,39 69 276 a.7.16.1 2J1P A geranyl py-
rophosphatase
synthetase
SSElack 35 79 21,55 2,53 3,83 5,74 12,82 78 123 b.1.1.1 1RJC A camelid heavy
chain antibody,
Lysozyme C
Threading results of HJURP-part3 against pdb95 ﬁltered with the SFC: template structures are annotated with
the GO-keyword G1 and have a domain coverage >70%. The results are ordered by the ThdIdx. Rank: rank
in original result list with pdb95 ﬁltered by DomCov>70%, DomCov: percentage of SCOP domain covered by
alignment, ThdIdx: Threading-Index (normalized score of ProHit z-scores), Z-pair/surf/seq: Z-scores obtained
by ProHit fold recognition (section 2.2.2), %Id: percent of sequence identity, FL: foldlength, PL: pathlength,
SCOP: SCOP family Id, PDBdescr: shortened description from PDB header. TP: true positive, (TP): pos-
sible true positive after initial analysis, SSElack: Secondary structure elements of template lack in alignment,
FuncRes: important functional residues in fold missing in alignment with HJURP.
After an initial evaluation step of the proposed folds, only two out of 8 possible
true positives remained: a.4.6.1 (pdb: 2gwr) and b.34.9.3 (pdb: 2r57). The other six
structural templates were deﬁned as false positives because of missing secondary struc-
ture elements of template in the alignment or no conservation of important functional
residues (column comment in Table 5.5).
I investigated the possible structural resemblance of HJURP-part3 to the
Tudor/PWWP/MBT-superfamily (SCOP: b.34.9) in a more detailed analysis. This
protein family is known to bind methylated lysines (mostly of histones) with an aro-
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matic cage, a binding pocket formed by three aromatic residues [200]. In the sequence-
to-structure alignment with HJRUP, two out of three aromatic residues of the template
(pdb: 2r57) were aligned to aromatic residues in the HJURP sequence and the third one
was aligned to a leucine of HJURP. This conservation of important functional residues
together with the fact that HJURP is dependent on methylated histones to perform
its function [201], encouraged me to further investigate this possible true positive fold.
Additional literature research revealed that a conserved aspartate residue on the other
side of the binding pocket is indispensable for the binding to methylated lysine [202]. A
similar residue in a similar position could not be detected in the 3-dimensional model
of HJURP. An additional requirement this fold family is the presence of a deep binding
pocket for methylated lysine that is established by the aromatic cage residues and a
loop established by 10 residues in the 3-dimensional structure. Because of a gap in the
sequence-to-structure alignment, this loop is not present in the 3-dimensional model of
HJURP and no binding pocket can be formed. Hence, as many important features of
Tudor/PWWP/MBT domains could not be found in HJURP, I discarded the hypothesis
that HJURP-part3 could be a possible Tudor/PWWP/MBT domain.
Thus, I went on to evaluate the structural hypothesis that HJURP-part3 could be a
"winged helix" DNA-binding domain (SCOP: a.4.5/a.4.6). The analysis of the threading
result with a fold library of this protein family (SCOP: a.4, 11269 templates) resulted
in a consistent alignment of HJURP-part3 sequence to diﬀerent members of the fold
(Figure 5.18 A). The bacterial transcriptional regulatory protein OmpR was selected
as structural template because of higher sequence identity than the other winged-helix
domain templates that scored moderately better in the threading. The X-ray structure
of OmpR (pdb: 1odd, 2,2Å resolution) [203] was preferred as template for modeling
as the OmpR template on the third rank (pdb:2jpd) is a NMR structure (Figure 5.18
A). The model of HJURP-part3 was build (Figure 5.18 B) based on the sequence-to-
structure alignment generated by ProHit (Figure 5.18 C). OmpR and HJURP-part3
share 18,9% sequence identity in the aligned region of the structural domain. The
RMSD of the Cα-atoms of minimized 3-dimensional model and the template structure
is 1,7Å.
 Evaluation of alignment:
HJURP-part3 aligned almost without gap to the OmpR sequence and predicted
secondary structure for HJURP in this region matches the structural elements of
the templates shown in Figure 5.18 A.
The winged-helix fold is a very versatile fold that is classiﬁed in various PFAM
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families with diﬀerent sequence proﬁles. Therefore, it was not possible to evaluate
the conservation to important structural and functional residues of the fold. The
investigation of the putative DNA-binding of HJURP is presented below in the
evaluation of functional characteristics.
 Evaluation of 3-dimensional model:
The residues in the core of OmpR are marked with c in the alignment in Fig-
ure 5.18 B. A good packing of the hydrophobic core residues of HJURP could be
observed by detailed visual inspection, suggesting a compact core of the of the
3-dimensional model. One noteworthy feature of the protein core is a reciprocal
interaction in OmpR and HJURP: In OmpR, I205 of helix α3 is packing to Y230
of β-sheet 2. In HJURP, the physicochemical properties of the residues are re-
versed: the aromatic residue F438 is located in helix α3 and interacting with a
small hydrophobic residue A463 in β-sheet 2 (residues marked with #" in align-
ment and shown with sticks in Figure 5.18 C,E). The discovery of this reciprocal
interaction strengthens the structural hypothesis.
I evaluated the model with three model quality assessment web-servers (see meth-
ods for details) and obtained the following results: Verify3D with an average
3D-1D score of 0,25 (78,3% of the residues in model with 3D-1D > 0,2) as well as
ERRAT (overall quality factor=76,7%) suggest a medium quality of the modeled
structure. ProSA z-score (z-score=-4,46) is within the range of scores typically
found for native proteins of similar size and thus suggests a good quality of the
model.
In this region of HJURP, there are three residues found to be phosphorylated
in large-scale experimental studies: S412, S448 and S473 [196, 204]. The three
potentially modiﬁed serines are accessible for modiﬁcation as they are located at
the surface of HJURP in the model.
 Evaluation of functional characteristics:
"Winged helix" domains speciﬁcally bind to DNA. This large protein family in-
cludes several transcription factors (e.g. forkhead, E2F-like and subunits of gen-
eral TFII transcription factors) and proteins involved in DNA damage repair (e.g.
RuvB). The sequence-speciﬁc DNA-interaction is mostly mediated by residues of
the recognition helix (Helix 3) that bind to the major groove of the DNA. How
the sequence speciﬁcity is achieved is not understood yet as this is a very diverse
protein family [205]. Diﬀerent binding modes of the recognition helix were discov-
ered in co-crystal structures of winged-helix domains and DNA: the CAP protein
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Figure 5.18: Putative "winged helix" DNA-binding domain in HJURP-part3
A: Threading result of HJURP-part3 with a fold library of the winged helix domain fold visualized with the Fea-
ture Alignment Analyzer. The ﬁve best scoring template structures (temp) are shown ordered by the Threading
Index (ThdIx). OmpR (pdb: 1odd, highlighted with a black box) was chosen as template for modeling. B: Pink
ribbon represents the template structure of the winged helix DNA-binding domain of OmpR (pbd: 1odd). The
green ribbon represents the model of HJURP-part3. C: Structure-based sequence alignment of HJURP-part3
with the template 1odd. Below the alignment, the core residues of 1odd are indicated with "c", the residues of
a reciprocal interaction with "#" (shown in E) , DNA-binding residues of OmpR with "D" and phosphorylated
residues of HJURP with "p". Secondary structure of template and secondary structure prediction (SSP) of
HJURP are shown with red bars for α-helices and green arrows for β-strands. D: Example of a amphiphilic
recognition helix (pdb: 3b73) on the left and structure-based sequence alignment of amphiphilic recognition
helices of 8 PDB structures and HJURP on the right. Blue arrows show residues in the hydrophobic protein
core. E: Reciprocal interaction in HJURP: I205 and Y230 of OmpR (pink ribbon) and F438 and A463 of HJURP
(green ribbon). F: Multiple sequence alignment of the mammalian orthologs of HJURP in the region of the
putative winged helix domain. Putative DNA-binding residues are highlighted with boxes.
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(pdb: 2cgp [206]) binds with the N-terminal part of Helix3 and FoxM1 (pdb: 3g73
[207]) with the central and C-terminal part of the recognition helix.
I investigated a possible DNA binding of HJURP-part3 by comparing the se-
quences of diﬀerent recognition helices (Figure 5.18 D). I extracted the best scor-
ing alignments of HJURP-part3 with templates of the winged helix domain fold
library and selected the templates that are known to bind DNA. All recognition
helices are very amphiphilic, i.e. hydrophobic residues point to the core of the
protein and polar or charged amino acids are part of the DNA binding region at
the protein surface (Figure 5.18 D). The template structure OmpR has not been
crystallized with DNA, but, from mutational studies and comparison with other
family members, the speciﬁc DNA binding residues are suggested to be: Q204,
R207, R210 and M211 [208]. The sequence of HJURP, which would form the
recognition helix in a putative winged-helix domain is aligned with very similar
residues: R437, Q440 and R443 could be the DNA binding residues and I436, F438
and L441 the hydrophobic residues positioned towards the protein core. I inves-
tigated the conservation of these residues in the alignment with the orthologous
sequences of HJURP (Figure 5.18 F). The putative recognition helix is localised in
one of the most conserved parts and also the three putative DNA binding residues
are conserved as either polar or negatively charged residue (boxed in the align-
ment in Figure 5.18 F). These results favor the structural hypothesis of a winged
helix domain.
In summary, based on the evaluation of the structural hypothesis, I predict that HJURP-
part3 could be a winged-helix domain involved in DNA binding.
5.5.5 Discussion of HJURP results
In this section, I show a G1 arrest upon knockdown of HJURP and establish a structural
hypothesis for two domains of HJURP: an Ubl-like domain (aa 115-192) and a winged
helix DNA-binding domain (aa 401-473).
The cell cycle proﬁles were measured upon knockdown with two independent esiRNAs,
and I determined a signiﬁcant arrest in G1 phase. Although this eﬀect is very mod-
erate (an average n100 score of 106% of G1 cells with HJURP knockdown compared
to 115% with myc esiRNA), it is signiﬁcant and reproducible as I could show in three
independent measurements. Thus, my results are partly contradicting previously pub-
lished results on a cell cycle arrest upon HJURP knockdown (section 5.5.1) [186, 187],
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which could be due to diﬀerent cell lines used and diﬀerent assay conditions. A stable
knockdown of the HJURP mRNA and protein could be measured as well. The results
of the two esiRNAs diﬀer to some extend in time point of strongest phenotype and size
of cells is G1 phase. This might be due to one of the esiRNAs having an additional
non-speciﬁc oﬀ-target eﬀect.
The G1 arrest phenotype could be linked to the histone chaperone function of HJURP
as the loading of CENP-A mainly takes part in G1 phase [187].
By applying fold recognition techniques, I predict two structural domains of HJURP
protein. Both predictions were made possible by focusing on the results from threading
that are related to the G1 arrest phenotype. Thus, I show that integration of functional
data can assist in ﬁnding structural resemblances without signiﬁcant sequence similar-
ity. Both the putative Ubl-domain of HJURP and the winged-helix domain share very
low sequence identity of 15 and 19% with their structural templates. This shows the
importance of the application of structure-based computational methods as these pre-
dictions of functional domains have been possible by using this methodology. I obtained
positive results in the computational evaluation of the structural hypotheses but have
not validated these predictions experimentally yet. However, they could be valuable
starting points for further characterization of HJURP.
The putative Ubl domain of HJURP suggests an involvement in ubiquitylation pro-
cesses. Thus, this domain might have a regulatory function by interacting with the
proteasome or with Ubquitin-associated domains of other proteins. Protein levels of
HJURP were shown to be cell-cycle regulated - low in S phase and peaking in mitosis
and early G1 phase [187], which could be an indication for Ubiquitin-related degrada-
tion.
The putative winged helix domain of HJURP could to be involved in speciﬁc DNA
binding. Thus, HJURP could function as a transcription factor that might target genes
involved in G1/S transition similar to myc of forkhead transcription factors [103, 209].
It is also possible, that the DNA binding ability would be linked to the DNA repair
processes where HJURP was shown to be involved in [186]. A deeper insight into
the potential DNA-binding speciﬁcity of HJURP could possibly be gained by a ChIP
sequencing experiment.
The putative winged helix domain in HJURP-part3 shares 34% sequence identity to
HJURP-part4. The analysis of the threading results of HJURP-part4 did not favor a
possible second winged helix DNA-binding domain. There are three possible explana-
tions for this result: a) the homology of HJURP-part4 to a winged helix domain is so
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remote that these structural resemblances are not possible to identify by application of
fold recognition techniques, b) my prediction of HJURP-part3 as a winged helix domain
is wrong or c) part3 and part4 of HJURP sequence adopt diﬀerent structural folds de-
spite sequence homology. As my evaluation of threading results of HJURP-part4 did not
lead to a conﬁdent structural hypothesis, further investigation of these two potentially
repetitive domains is needed to solve the ambiguities.
5.6 Summary and discussion
5.6.1 Functional annotation of human proteins
In this chapter, I applied StrAnno, the structure-based computational framework for
functional annotation, to a large-scale dataset. My selection strategy resulted in the
detailed analysis of two human proteins of the RNAi cell cycle screen, for which I
established conﬁdent structural and functional hypotheses.
 Characterization of c20orf43:
For the human protein c20orf43, I suggest a functional annotation as E3 SUMO-
ligase with a SAP and a SP-RING domain. The successful application of structure-
based computational methods resulted in a new biological discovery as this protein
was not characterized before. My experimental analysis resulted in a G2M arrest
phenotype upon knockdown and a possible role in DNA repair processes.
 Characterization of HJURP:
There are at least two biological functions of HJURP already established, but
structurally only the N-terminus of HJURP is characterized and the remaining
major part of the protein sequence does not share signiﬁcant sequence similarity
to annotated functional domains. I predicted a Ubl domain involved in ubiquity-
lation processes and a winged helix DNA-binding domain. I showed that HJURP
knockdown results in a moderate G1 arrest.
Three of the four domains, which I predicted for c20orf43 and HJURP, are of low
sequence identity to the template domain (12-20%). This shows the importance of the
application of fold recognition techniques as these possible remote homologs could be
identiﬁed using this methodology. In all three cases, a functional ﬁlter was applied
to reduce the result list to possible true positives. This automatic ﬁltering with the
Structure-to-Function Connector facilitated the analysis of the threading results. In
case of c20orf43, my discovery of the SP-RING domain and the speciﬁc functional
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prediction of being a SUMO-ligase made the identiﬁcation of a SAP domain in the
N-terminus possible. As E3 SUMO-ligases often regulate DNA repair processes, this
might be the link to the G2M arrest phenotype. Thus, although experimental validation
is pending, my aim to bridge the gap between phenotype and molecular function was
approached in the structure-based functional annotation of c20orf43. However, in case
of the HJURP protein, one can only speculate about the link between the G1 arrest
phenotype and the two predicted structural domains.
The cell cycle is a very complex process and the range of proteins that are involved
in the regulation of the diﬀerent cell cycle phases is very broad. Maybe it would have
been advantageous to choose a dataset from a diﬀerent RNAi screen, which was focused
on a more speciﬁc phenotype. Then, the link between phenotype and molecular function
might have been easier to establish.
My goal of the application of StrAnno to gain deeper insight into possible functions
of so far uncharacterized human proteins was achieved as I could establish high conﬁ-
dence structural and functional predictions for two human proteins. Although my re-
sults of experimental validation of these predictions are not conclusive, every structural
and functional hypothesis could be a valuable starting point for further experimental
characterization.
In general, it might have been beneﬁcial to focus on a few target domains that are
involved in biological processes related to the observed phenotype and to thoroughly
study their structural and functional characteristics. With such knowledge, it might be
easier to distinguish true and false positives, and the whole dataset could have been
screened in a semi-automatic manner in order to ﬁnd remote homologs of the selected
domains. In my approach, I evaluated every possible true positive fold from scratch,
which was time consuming. It would be beneﬁcial to select target domains where an
assay for experimental validation of the structural hypothesis could be easily established.
My approach was not limited to a certain subset of functional domains. Therefore, a
systematic analysis of all proteins of the dataset was not feasible.
5.6.2 Dataset
The dataset of the cell cycle RNAi screen was conﬁrmed to be a valuable dataset for
my application as I identiﬁed many (partly) uncharacterized proteins in the hit list. In
addition to the two proteins that I presented in this chapter, I investigated a few other
interesting proteins in detail but could not derive a conﬁdent structural prediction.
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Another conclusion of this analysis is that also thoroughly validated screening results
contain false positives in the hit list. In my study, for example, I discovered that the
two esiRNAs for PHF20 used in the RNAi screen were not independent. As I could not
reproduce the phenotype with an independent esiRNA, this protein might be a false
positive hit of the screen.
I intended to overcome this limitation of screening data by integrating data from
diﬀerent RNAi screens. There are several other RNAi screens on cell cycle published
that were performed in diﬀerent model organisms [100, 210, 211]. But unfortunately,
due to diﬀerent screening set-ups, the screens are not comparable, and the overlap of
hits is relatively low as it was already investigated by Neumann and co-workers [210].
5.6.3 Evaluation of StrAnno performance
The other aim of this part of my thesis work was the evaluation of the developed
methodology to determine strengths and weaknesses of StrAnno.
A big advantage of StrAnno is the pre-processing that joins information from diﬀer-
ent perspectives and greatly facilitates the selection of suitable candidate proteins for
further analysis. These suitable candidates should contain a) regions where no struc-
tural domain is known or can be identiﬁed by sequence-based methods, b) non-globular
regions (TM, SP or LCR) can not be identiﬁed and c) the percentage of predicted
secondary structure elements is high. For functional annotation of these proteins or
regions, application of structure-based prediction techniques is essential. Identiﬁcation
of these regions in proteins is greatly facilitated by the hit selection and consensus
secondary structure prediction module that I developed. Together with the additional
pre-processing tools that were integrated into StrAnno, the whole process is highly
accelerated.
The post-processing analysis tools were also very advantageous. The domain cover-
age ﬁlter, which I designed for the Structure-to-Function Connector, is very helpful as
many false positive predictions are sorted out automatically. As approximately half of
the result list is removed by this ﬁlter, the evaluation of the threading results is greatly
facilitated. Also the linkage to functional information is very useful as true positives
are identiﬁed more easily and detailed functional prediction can be made by using this
ﬁlter as shown by the putative SAP domain of SUMO-ligase c20orf43. I showed that my
development of the Feature Alignment Analyzer was a great advantage in the analysis
of possible true positives folds. Missing secondary structure elements can be identiﬁed
at a glance for several suggested sequence-to-structure alignments altogether and the
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predicted secondary structure can be easily compared to the template structure. The
consistency of the alignment of a query protein to diﬀerent members of the same fold
family can be assessed very fast thanks to the graphical overview, which accelerates the
evaluation process. In addition, functional features can be identiﬁed more easily and
compared in query and template. However, this property of the FAA turned out not to
be as beneﬁcial as expected as the functional information from Uniprot is often not spe-
ciﬁc enough. This can be illustrated in the example of the SP-RING domain of c20orf43:
The FAA result of the fold family (Figure 5.4) shows the RING Zn-ﬁnger feature in all
template structures. The most important residues of the RING Zn-ﬁnger fold are only
4 or 8 residues to coordinate 1 or 2 zinc ions, but the functional database annotates
the whole region as the functional feature. Thus, a manual analysis is indispensable to
be able to judge the presence of functionally important residues. Further developments
towards more speciﬁc annotations in databases are needed to be able to evaluate im-
portant functional residues automatically. Additionally, the conservation analysis of the
key functional residues is based on residues that are in the same sequence position as
the important template residue. But, as the functional property could also be present in
the same spatial position, manual investigation of the 3-dimensional model is necessary
to ﬁnalize the decision of conservation of the functional property. Automation of this
analysis is desirable.
Another module that needs further development is the automatic domain prediction.
From my experience with this dataset, automatic prediction solely based on secondary
structure could result in wrongly cut sequences. I always considered also the orthologous
proteins of other species to be able to make good predictions of the domains. This info
is as valuable as the secondary structure and a combination of both would be advan-
tageous to split a protein sequence only in unstructured regions with low evolutionary
conservation.
Overall, the development of StrAnno has greatly facilitated the generation and analysis
of results from threading techniques. But, manual analysis and judgement is required
to obtain conﬁdent predictions. With further methodological development in the au-
tomatic evaluation of structural and functional predictions, as discussed in section 4.4,
more automation could be achieved.
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5.7 Materials and Methods
5.7.1 Computational methods
A) StrAnno parameters
A detailed description of the diﬀerent modules of StrAnno was given in chapter 4. The
results presented in this chapter were generated by using the following parameter:
Pre-processing: For the 239unknown" dataset, the ENSEMBL-IDs from the pub-
lished RNAi screen [97] were extracted to retrieve the protein sequences of all tran-
scripts via ENSEMBL (Release 56, human GRch37). These sequences were mapped to
Uniprot sequences (Uniprot release 15.0). The sequence cutting algorithm was applied
with the following parameters (section ??): BLAST hits were cut out if E-value < 0.001,
sequence identity > 25% and length of the alignment > 50aa. The default parameters
were used for the domain prediction algorithm.
For the 90hitsG1 dataset, ENSEMBL (Release 60) and Uniprot (Release 2010_-
12) were used to retrieve and map the protein sequences. In the sequence cutting
algorithm, the parameters were as descibed above, expect the minimal length of the
BLAST alignment was set to 35aa.
Structure prediction: The threading was performed with the default parameters for
ProHit and with a pdb95 fold library of 19919 template structures for the 239unknowns
dataset (section 5.2 and 5.3) and 23498 template structures for the 90hitsG1 dataset
(section 5.4 and 5.5).
Post-processing: The threading results were automatically ﬁltered with the Structure-
to-Function Connector by applying a domain coverage ﬁlter >70%. The remaining
hits were ﬁltered with the Fold-to-GO-map using GO-terms related to the proposed
biological function of the protein. From this ﬁltered list, the best ranked fold of each
fold family (SCOP-fold) was further evaluated. An updated SCOP classiﬁcation (based
on SCOP version 1.75) was used to classify the template structures into fold families.
Fold libraries for speciﬁc fold families were generated with StrAnno by using the
updated version of SCOP classiﬁcation for all current PDB structures. The fold library
of the SAP domain family (SCOP: a.140) (section 5.3.3) was manually curated to correct
a few classiﬁcation errors. In the evaluation of a structural hypotheses, consistency of
the alignment of the query sequence with diﬀerent members of the same structural fold
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was evaluated with the Feature Alignment Analyzer by visual inspection of the graphical
overview.
B) GO-enrichment analysis
The StrAnno results for the 96 query sequences, which remained from the 239unknown"
dataset after hit selection, were the input for an enrichment analysis. This dataset was
called Cell cycle set. The same analysis was performed with 96 randomly selected
proteins that where extracted from Uniprot database containing uncharacterized in
the protein description (random set). From the SFC results of both sets, the Uniprot
accessions of the Top10 diﬀerent structural folds were extracted (305 ﬁles and 3041 IDs
for cell cycle set and 264 ﬁles and 2620 IDs for random set). The best 10 fold families
(ranked by the Threading index) were chosen based on SCOP annotation (including the
automated update of SCOP). This was done with (ﬁltered) and without (original)
applying a domain-coverage ﬁlter of 70% in the SFC. The Uniprot accessions of each
dataset were pooled and analyzed with the web-tool DAVID (Functional Annotation
Clustering) [156] to calculate enrichment of functional terms related to cell cycle. As
a background list, the Uniprot accessions for all templates in the fold library (pdb95)
were used in the analysis with DAVID. The enrichment score, as reported by DAVID, is
a combination of the fold enrichment and the p-value of all functional terms that were
grouped in one annotation cluster.
C) Further sequence-based analysis tools
In addition to the sequence-based tools that are integrated in the StrAnno pre-processing,
the following applications and databases were used to analyze protein sequences:
Linear motif search was performed with the ELM server [73].
EggNOG database [70] was used to investigate the evolutionary conservation of the pro-
teins of the 239unknown dataset. The following species were checked for the occurrence
of orthologous proteins in the eggNOG clusters: S.pombe or S.cerevisiae; C.elegans,
D.melanogaster, D.rerio, X.tropicalis, G.gallus, M.musculus. Analysis and retrieval of
ortholog sequences of individual proteins was carried out based on NCBI HomoloGene
for c20orf43 and ENSEMBL database [132] for HJURP. The sequence identiﬁers of se-
lected orthologs are the following: c20orf43 (H.sapiens: NP_057491.2, D.melanogaster:
NP_609443.1, X.tropicalis: Q6NVS6_XENTR, D.rerio: NP_956036.1, C. elegans:
C01A2.5, A.thaliana: Q6NQ98_ARATH, S.pombe: CAY19193.1) and HJURP
(H.sapiens: ENSP00000414109, O.garnettii: ENSOGAP00000013368, M.musculus:
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ENSMUSP00000054263, F.catus: ENSFCAP00000008992, C.familiaris:
ENSCAFP00000017515, O.cuniculus: ENSOCUP00000009609, O.princeps:
ENSOPRP00000013196, P.vampyrus: ENSPVAP00000005933, S.araneus:
ENSSARP00000006502, S.scrofa: ENSSSCP00000017285, E.telfairi:
ENSETEP00000011900).
PFAM [67] and Prosite [68] databases were used to retrieve information on functional
domains and sequence proﬁles (generated by Hidden Markov Models). The conservation
of residues of the query sequence to a sequence proﬁle of a protein family was evaluated
by visual inspection.
Alignment and sequence feature visualisation was performed with Jalview [135] by ap-
plying the Zappo or Clustal colouring scheme (color residues by physicochemical
properties) and emphasizing conserved positions in the alignment.
D) Structure-based computational methods
Model generation, reﬁnement and analysis:
3D models were generated with the selected structural templates using MODELLER
[59]. MOE2008.10 (Chemical Computing Group, Quebec, Canada) was used with the
Amber99 force ﬁeld for molecular mechanics potential energy minimization of the mod-
eled structures. When necessary, side chain rotamers were manually adjusted in those
models.
For graphical analysis of the models, Chimera [45], MOE2008.10 and Discovery Studio
package (v2.5, Accelrys, San Diego, CA) were used.
The core residues were deﬁned by having a solvent accessible surface area smaller than
15%, which was calculated with the Discovery Studio package (probe radius: 1,4).
The electrostatic potential of the protein surfaces of was visualized by calculating a
molecular surface, colored by Interpolated charge, with Discovery Studio (surface type:
soft", probe radius: 1,4).
The position of putative phosphorylated residues in the 3-dimensional model of the
query protein was evaluated by visual inspection.
Structure-based sequence alignments:
Structure-based sequence alignments were generated with UCSF Chimera [45]: The
3-dimensional structures were superimposed with the MatchMaker function (including
secondary structure to 50-70%) and the alignment was extracted with theMatch→Align
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function. In the alignment of recognition helices of winged helix domains (section 5.5.4),
the structural alignment was manually adjusted before extracting the sequence align-
ment.
Model evaluation:
ERRAT, Verify3D and ProSA web-servers were used for evaluation of the overall quality
of the generated 3-dimensional models.
ERRAT [212] identiﬁes incorrect regions of protein structural models with a error func-
tion that is based on the statistics of non-bonded atom-atom interactions in the reported
structure (compared to a database of reliable high-resolution structures). Error values
are plotted as a function of the position of a sliding 9-residue window. The overall
quality factor denotes the percentage of the protein for which the calculated error value
falls below the 95% rejection limit. Good high resolution structures generally produce
values around 95% or higher.
Verify3D [213] analyzes the compatibility of an atomic model (3D) with its own amino
acid sequence (1D). Each residue position is assigned to a structural class based on its
location and environment. It is represented by a proﬁle based on statistical preferences
(called 3D-1D scores) of all 20 amino acids within this structural class. An average
3D-1D score is calculated per residue with a sliding 21-residue window. The 3D-1D
score is high for protein models known to be correct. A score lower than 0,2 per residue
is equal to low model quality [214].
ProSA [215] calculates an overall quality score (z-score) based on knowledge-based po-
tentials of mean force to check 3-dimensional structures for potential errors. This z-score
measures the deviation of the energy of the input structure compared with an energy
distribution derived from random conformations. If this score is outside a range char-
acteristic for native proteins, the structure probably contains errors.
MD simulations:
Molecular dynamics simulations were performed with AMBER10 [137] using the ﬀ99SB
force ﬁeld, explicit water (TIP3PBOX, 3Å width) and a standard protocol of minimiza-
tion (3000 steps), heating (10ps to 300K), equilibration (30ps) and eﬀective molecular
dynamics simulation (5ns). The RMSD was calculated with VMD for the backbone
atoms.
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5.7.2 Experimental methods
A) Cell culture
a) Materials
Dulbeccos Modiﬁed Eagle Medium (DMEM) (Gibco)
Foetal Bovine Serum (FBS) (Gibco)
Penicillin (10 000U/ml) /Streptomycin (10 000 µg/ml) (Invitrogen)
G-418 Geneticin 50mg/ml (Invitrogen)
Trypsin(0.5 g/l)/ EDTA(0.2g/l) · 4Na (Gibco)
Cell culture multi-well plates and ﬂasks (Nunc)
b) Methods
HeLa cell lines were used for performing diﬀerent assays. HeLa cells are an adherent,
epithelial-like cell line derived from a human cervix carcinoma. Two diﬀerent types of
HeLa, HeLa TDS and HeLa Kyoto, were used. The cells were cultured under standard
conditions in a HERAcell Incubator (Thermo Electron Corporation) at 37◦C tempera-
ture and 5% CO2 atmosphere. The cell line was cultured in DMEM with 1g/l Glucose
supplemented with 10% FBS, 100 U/ml Penicillin and 100 µg/ml Streptomycin. The
cells were grown in cell culture ﬂasks and split every three days 1:8 or 1:10. For splitting,
the cells were washed once with PBS, incubated 5 minutes at 37◦C with Trypsin/EDTA
(1ml for 75cm2 ﬂask) and resuspended in fresh culture medium.
For stable transfection of a tagged transgene, the BAC (Bacterial artiﬁcial chro-
mosome) technology was applied, described in [216]. Stably transfected lines with
LAP-tagged (localisation and aﬃnity puriﬁcation tag) genes of interest in HeLa Ky-
oto were obtained from the Mitocheck Consortium. The LAP-tag contains a GFP-tag
fused to the targeted protein and additional features (PreScission protease cleavage site,
S-peptide and a TEV protease cleavage site). These transgenic cell lines were cultured
as described for HeLa wildtype cells adding 50 µg/ml Geniticin to the medium as a se-
lection marker. The cell line with the C-terminal LAP-tagged human c20orf43 is called
c20-LAP in this work.
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B) esiRNA transfection
a) Materials
Trypan Blue (Invitrogen)
Oligofectamine (Invitrogen)
Opti-MEM (Gibco)
b) Methods
The materials and the protocol used for the esiRNA synthesis are described by Buchholz
and co-workers [91]. The sequences of the primers used for the esiRNA synthesis are
listed in Table 5.6. A day before esiRNA transfection, HeLa cells were plated in 6-
well dishes (40 000 cells per well) and incubated overnight. The cells were counted
using trypan blue dye to discriminate dead cells with the Countess automated cell
counter (Invitrogen). On the next day, 15 µl of the transfection reagent Oligofectamine
were ﬁrst diluted with 235 µl Opti-MEM and incubated for 10 minutes. 1000 ng of
esiRNA (pre-diluted in Opti-MEM up to 250 µl) were added to the Oligofectamine/Opti-
MEM mixture and incubated for 20 min to allow complex formation. Finally, the
transfection mix was added to the cells in an evenly distribution over the whole well.
Cell culture medium was changed after 5 to 6 hours to reduce possible cytotoxic eﬀect
of the transfection.
Table 5.6: primer sequences for esiRNA synthesis
Primer name forward primer reverse primer
c20orf43_esi1 GGAAGTTTGCCACACGTGTG GGAGCTGTGAGTGGTAAAGA
c20orf43_esi2 TCCTGCCCCAGAAGGTTGTT GGGACGAGGCCCTTCGAAGC
Eg5 TCCCCGTAACAAGAGAGGA TACGCCCTCCAAGAGAATCCTG
INCENP CACCTGCTGGAGCTATGTGAC CGGGCTTCTTAGTCAGCATCG
MYC CAGATCAGCAACAACCGAAAATG CTCAGCCAAGGTTGTGAGGTT
HJURP_esi1 AACCAGCTTCATCTCCCAGAG ATGGATTTGGGGTCTGTTGAC
HJURP_esi2 CGCAGGCTGAGTTTACCTTC GGGTGATGATGGCAACTTCT
PHF20_esi1 CATCCATTTCAAGCGTTGGAACC CTTCACATTCACTGTTGCTTTT
PHF20_esi2 GTGAATGTGAAGAAAGACAAAG TTTTCTTTTGGGTTCCCTC
SLIK GAAGAAGCTGCACGTCAATGGC ACTGATCAAGGACCCCACTGA
APM2 TGCTCTTGACGACTCCACAGA TCCTGAGACCGTTGGATTGGA
MCAF2 GAAATGGCTTCCCATTCTTTCT ATGCCCCTCTTTCGAACTTTC
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C) Analysis of knockdown eﬃciency on mRNA level
a) Materials
RNAeasy Mini Kit (Qiagen)
DNAse A (Qiagen)
Oligo dT primer (Invitrogen)
dNTPs (Bio-Rad)
SuperScript III Reverse Transcriptase (Invitrogen)
RNaseOUT (Invitrogen)
SYBR green (Thermo Scientiﬁc)
b) Methods
RNA isolation and cDNA synthesis
HeLa cells were transfected with esiRNAs in 6-well plates as described above (page 116).
24h post transfection, the mRNA of the cells was isolated with the RNAeasy Mini Kit.
The cells were harvested by trypsinizing and resuspended in 700 µl RLT lysis buﬀer.
This mixture was shock-frozen in liquid nitrogen for complete cell lysis. After thawing,
RNA extraction was carried out according to the manufacturer's instructions including
the on column DNaseI digest. The RNA was eluted in 30 µl water and the concentration
was measured with a NanoDrop 1000 Spectrophotometer (Thermo Scientiﬁc). The
RNA yield was 200-300 ng/µl on average. For cDNA synthesis, SuperScript III reverse
transcriptase was used with 1000 ng RNA in a 20 µl reaction mixture following the
manufacturer's instructions.
quantitative PCR
The reaction mix for the quantitative PCR (qPCR) reaction consists of 1 µl of the
cDNA, 12,5 µl SYBR green and 70 nM of each primer added up with water to a ﬁnal
volume of 25 µl. The reaction was carried out on the Mx300p real-time PCR machine
Table 5.7: primer sequences for qPCR
Primer name forward primer reverse primer
GAPDH CATGAGAAGTATGACAACAGCCT AGTCCTTCCACGATACCAAAGT
c20orf43 CTGCGGCTGTGTGTTTTCTG TCTGCTGCCTTGGGTTTCTTT
Eg5 TGTTTGATGATCCCCGTAACAAG CTGAGTGGGAACGACTAGAGT
HJURP CATGCAGCGGCTGATAGAGAA TGTGGCGTCTCGTAGGTCA
PHF20 GAATCAGCTTTGAAGTGGGAGC GTTCCAACGCTTGAAATGGATG
APM2 CAGGAAACCATCGACAAGACTG TCATTTCAGGAGGCCGAATTTTT
SLIK GCTGAAACCACCTTGGTCTAAT GTTGTTCAAGTGCAACTGCTTTA
MCAF2 TGGAAAGGCAAACAGCATTCCTGG GCACTCTGTCTTCCCAATGCGT
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(Stratagene) with this protocol:
temperature time number of cycles
Enzyme activation 95◦C 15 min 1 cycle
Denaturation 95◦C 15 sec
Annealing 60◦C 30 sec 42 cycles
Extension 72◦C 30 sec
95◦C 1 min 1 cycle
Melting curve 55◦C 30 sec 1 cycle
95◦C 30 sec 1 cycle
Each sample was measured in duplicate to minimize error rate.
The sequences of the primers used in qPCR reactions are listed in table 5.7. The
speciﬁcity of the qPCR primers was assessed by analysis of the melting curves (single
peak) and observing a single band on a 2% Agarose-Gel. A 2-fold dilution series of HeLa
cDNA served as template to determine the eﬃciency of the primer pairs. By considering
primer eﬃciency and using GAP-DH mRNA levels as internal reference, the percentage
of knockdown of the studied esiRNA (versus control esiRNA) was calculated as described
in [217].
D) SDS-PAGE and Western Blot
a) Materials
2x Laemmli buﬀer (Sigma-Aldrich)
NuPAGE Novex 4-12% Bis-Tris Gel (Invitrogen)
NuPAGE MOPS SDS Running Buﬀer (Invitrogen)
Spectra Multicolor Broad Range Protein Ladder (Thermo Scientiﬁc)
NuPAGE Transfer Buﬀer (Invitrogen)
Methanol (Merck)
PROTRAN Nitrocellulose membrane (Whatman)
Extra Thick Blot Paper (Bio-Rad)
Powdered Milk (Heirler)
Tween-20 (Sigma-Aldrich)
Ponceau S solution (SERVA)
ECL Western Blotting Detection reagent (GE HEalthcare)
Amershan Hyperﬁlm (GE Healthcare)
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Primary Antibodies:
Mouse anti-DM1α(tubulin), dilution 1:5000 (Sigma-Aldrich)
Mouse anti-GFP, dilution 1:5000 (Roche)
Rabbit anti-HJURP, dilution 1:750 (Sigma-Aldrich)
Secondary Antibodies: (Bio-Rad)
Goat anti-mouse, dilution 1:5000 HRP conjugated
Goat anti-rabbit, dilution 1:5000 HRP conjugated
b) Methods
Cells were harvested by trypsinization and the cell pellet was washed once with PBS
(centrifugation 5 minutes at 1000g). Cells were counted and dissolved in 1x Laemmli
buﬀer at a concentration of 100 000 cells/10 µl 1x Laemmli. After boiling for 10 min-
utes at 95◦C, the samples were centrifuged (5 min, 13 000 rpm, 4◦C) to remove the cell
debris. About 10 µl of each sample as well as a protein ladder for size reference was
loaded on a denaturing gel. The gel electrophoresis was performed in a XCell Sure Lock
Mini (Invitrogen) chamber with 1x MOPS buﬀer at 150V for 1h15min.
The proteins distributed on the gel were transferred to a nitrocellulose membrane in a
TE77 semi-dry transfer chamber (Hoefer). Blot paper, membrane and gel were soaked
in 1x transfer buﬀer (containing 10% methanol), layed-up in the chamber and run at
50 mA for 90 minutes.
After blotting, protein transfer to the membrane was veriﬁed by transient staining with
Ponceau S solution. After washing once with PBS-T buﬀer (PBS with 0,1% Tween20),
the membrane was blocked with blocking buﬀer (10% milk in PBS-T) for 1h at room
temperature. The primary antibody was diluted in blocking buﬀer and incubated at
4◦C overnight.
On the next day, the blot was washed 3 times 10 minutes with blocking buﬀer and
incubated with the secondary antibody (diluted in blocking buﬀer) for 1h at room tem-
perature. Thereafter, the blot was ﬁnally washed 5 times 10 minutes (2x blocking buﬀer,
2x PBS-T, 1x PBS). ECL Western Blotting Detection reagent was used according to the
manufacturer's instructions. Light emission was captured on an Amershan Hyperﬁlm,
which was developed with X-omat 2000 Processor (Kodak).
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E) Cell cycle analysis
a) Materials
Propidium Iodide (Invitrogen)
RNaseA (QIAGEN)
Ethanol (Merck)
b) Methods
HeLa TDS cells were transfected in 6-well plates as described above (page 116). Each
esiRNA of interest and the Luc control esiRNA were transfected in three biological
replicates. The cells were harvested by trypsinization 72 hours (or 96 hours) after
transfection and kept on ice for the following steps. The cells were washed once with
500 µl PBS (centrifugation 1 min at 4000 rpm). After removing supernatant, the cell
pellet was resuspended carefully in 500 µl cold ethanol to ﬁx the cells. After 30 minutes
incubation at 4◦C, the cells were washed twice with 500 µl PBS (centrifugation 1 min
at 5000 rpm). To digest RNA from the samples, 50 µl RNAseA (100 µg/ml) was added
and incubated 10 minutes at room temperature. The cells were resuspended with 200 µl
of Propidium Iodide (PI) (50 µg/ml) and DNA staining was performed for 45 minutes at
room temperature in the dark. After one washing step, the cell pellet was resuspended
in 150 µl PBS and the DNA content of each cell was measured by ﬂow cytometry. A
maximum of 20 000 cells per sample was measured with the BD ﬂow cyctometer (BD
FACSCalibur). The intensity in the FL2 channel reports the PI content of each cell.
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Figure 5.19: Overview of FACS data analysis with FlowJo Software
A: Healthy cells were gated with forward and side scatter. B: Doublet discrimination with FL2-area versus
FL-2 width. C: Cell Cycle tool from Flow Jo that automatically ﬁts the Watson cell cycle model to the FL2
histogram to identify G1 phase (green), S phase (yellow) and G2M phase (blue).
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FACS results were analyzed with FlowJo software (version 7.6.4., Tree Star Inc.)
in the following way: First, the forward versus side scatter plot is used to gate the
population of healthy cells (Figure 5.19 A). A second gate is applied to remove doublets/
clumps of cells from the analysis by plotting the Area of the FL2 signal (FL2-A) against
the width of the ﬂuorescent signal peak (FL2-W) (Figure 5.19 B). The DNA content of
these single cells is analyzed with the Cell Cycle tool from Flow Jo that automatically
ﬁts the Watson cell cycle model [218] to the FL2 histogram (Figure 5.19 C). Percentages
of cells in G1, S, G2M and super-G2 (cells with an DNA content superior to 2n, i.e.
polyploid cells) were extracted with FlowJo. Data normalization in respect to the R-
Luc esiRNA control was performed separately for each cell cycle phase by calculating
the n100-score:
n100 =
x
µ
∗ 100 (5.1)
where x is the percentage of cells in a particular cell cycle phase after esiRNA treatment,
µ is a mean percentage of the Luc control esiRNA in this phase.
Statistical signiﬁcance of the data was calculated using the Welch's two-sided T-test
implemented in the R package (version: 2.9.1). The t-test was performed with the
absolute values of cell percentages in each phase (x).
The size of the cells, as determined by the forward scatter, of the G1 population was
also extracted with the FlowJo Software and then visualized with a notched boxplot
module of the R package. If the notches of two plots do not overlap, there is strong
evidence that the two medians diﬀer [219].
F) Imaging: Immunoﬂuorescent staining and microirradiation
a) Materials
Gelatin from cold water ﬁsh skin (FSG) (Sigma-Aldrich)
Triton X-100 (Sigma-Aldrich)
Paraformaldehyde(PFA) 37% (Sigma-Aldrich)
Sucrose (AppliChem)
Amphidicolin (Merck)
Bleomycin (Merck)
Camptothecin (Sigma-Aldrich)
ProLong GOLD antifade mounting solution (Invitrogen)
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Primary Antibodies:
Mouse anti-DM1α(tubulin), dilution 1:1000 (Sigma-Aldrich)
Goat anti-GFP, dilution 1:5000 (Antibody facility, MPI-CBG)
Mouse anti-γH2AX, dilution 1:600 (Upstate Biotech)
Secondary Antibodies: (Molecular Probes, Invitrogen)
Donkey anti-mouse, dilution 1:500 Alexa 594 conjugated
Donkey anti-goat, dilution 1:500 Alexa 488 conjugated
Permeabilization Buﬀer(in H2O):
20 mM Tris-HCl (pH=8) (Roth)
50 mM NaCl (Merck)
3mM MgCl2 (Merck)
300 mM sucrose (AppliChem)
0,5% Triton X-100 (Sigma-Aldrich)
Fixation buﬀer(in PBS):
3% Paraformaldehyd (PFA) (Merck)
20% sucrose (AppliChem)
b) Methods
For immunoﬂuorescence-studies, the HeLa Kyoto c20-LAP cell line was used. The cells
were grown in 24-well plates on coverslips (50.000 cells per well grown seeded 24 hours
before the staining).
The staining of the untreated cells was performed as described in [216] with antibodies
against GFP and tubulin.
To induce DNA damage, the cells were incubated for 2 hours with DNA damaging
chemicals in diﬀerent concentrations: Camptothecin (0,5/2/5 nM), Bleomycin (1/4/10
µg/ml) or Amphidicolin (2/8/20 µg/ml). To induce DNA damage by UV, the cells were
irradiated with 0, 20 and 50 J/m2 and ﬁxed after a recovery time of 5, 20 or 60 minutes.
UV 2400 Stratalinker (Stratagene) was used (λ = 254 nm) for irradiation.
Before ﬁxation, cells were washed 2x with PBS and the nuclear membrane was perme-
abilized (extraction of nucleoplasma) with Permeabilization Buﬀer for 5 minutes. Then,
the cells were ﬁxed 15 minutes with Fixation Buﬀer. After 3x washing with PBS, the
cells were incubated again 15 minutes with Permeabilization Buﬀer and washed again
3x with PBS. After blocking 30 min in Blocking Solution (0,2% FSG in PBS), cells were
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incubated with the primary antibody (anti-GFP and anti-γH2AX) for 45 min in a wet
chamber. After 2x washing with Blocking Solution, the cells were incubated with the
secondary antibody for 30 minutes in the dark, followed by a ﬁnal washing step with
Blocking Solution. The coverslips were mounted on slides with GOLD antifade mount-
ing solution that contains DAPI. All incubation and wash steps were performed at room
temperature with gentle shaking. The antibodies were diluted in Blocking Solution.
Images were acquired on Axioplan II Microscope (Zeiss) operated through MetaMorph
(Molecular Devices). Co-localisation of stained proteins was investigated by visual in-
spection.
Laser microirradiation was performed similar as described in [171]. Live cell imaging
was performed with a spinning disk microscope.
G) SUMOylation Assay
a) Materials
SUMOylation Kit (Enzo Lifescience)
GFP-Trap_M (magnetic beads) (ChromoTek)
Lysis-buﬀer :
75 mM Hepes (Roth)
150 mM KCl (Merck)
1,5 mM MgCl2 (Merck)
15% Glycerol (Merck)
1,5 mM EGTA (Sigma Aldrich)
0,075% NP-40 (Sigma Aldrich)
1mM DTT and protease inhibitor (freshly added)
IP-buﬀer :
50 mM Hepes (Roth)
150 mM KCl (Merck)
1 mM MgCl2 (Merck)
10% Glycerol (Merck)
1 mM EGTA (Sigma Aldrich)
0,05% NP-40 (Sigma Aldrich)
1 mM DTT and protease inhibitor (freshly added)
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b) Methods
For the SUMOylation assay ≈ 2*106 HeLa Kyoto cells (wt and c20-LAP) were harvested
by trypsinization and resuspended in IP-buﬀer. To lyse the cells, they were sonicated
10 minutes on ice and then centrifuged (5 min, 12.000 rpm, 4◦C) to remove cell debris.
The protein concentration of the lysate was measured and equalized in all samples.
50µl of antiGFP-coupled magnetic beads (GFP-trap) per sample were washed. The
cellular lysate was incubated (1,5 hours under rotation and 4◦C) with antiGFP-coupled
beads (≈ 0,5mg protein per sample). The supernatant was discarded after taking a
sample for Western Blot analysis. The beads were washed ﬁve times with IP-buﬀer.
The beads, which do now carry the c20-LAP, were used in the in vitro SUMOylation
reaction. This reaction was performed with the SUMOylation kit according to the
manufacturer's instructions. Afterwards, the beads (BD) and the supernatant (SN)
fraction were separated and analyzed by Western Blot with the anti-SUMO antibody
provided by the SUMOylation kit(page 118).
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Conclusion and Outlook
In this ﬁnal chapter, I discuss my scientiﬁc achievements with respect to the goals of
this PhD thesis. Furthermore, I present future perspectives on the base of the obtained
results.
6.1 Conclusion
My ﬁrst goal was to investigate if linking structure-based computational methods with
phenotypic information enhances functional annotation of uncharacterized proteins. I
demonstrated the beneﬁt of including experimental information in structure (and func-
tion) prediction of remote homologs. In the structural and functional hypotheses for
the Ska complex proteins and the selected proteins from the cell cycle RNAi screen,
c20orf43 and HJURP, the integration of functional data helped reduce the number of
false positives in the result list. More focused evaluation of the fold recognition results
was possible by the knowledge of the experimental phenotype of the query sequence, and
high conﬁdence predictions could be derived. Furthermore, deriving a potential molec-
ular mechanism from a structural hypothesis is facilitated by functional knowledge as I
showed in the prediction of the GLEBS motif of Ska3.
The second goal of my thesis was to develop computational tools and automated
analysis techniques to overcome the limitations of fold recognition techniques and to
be able to perform structure-based functional annotation in a high-throughput way. I
developed key computational modules that were successfully integrated into a compu-
tational platform, called StrAnno, which I set up together with my colleagues. These
novel computational modules include a domain prediction algorithm and a graphical
overview that facilitates and accelerates the analysis of results.
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There are two main advantages of StrAnno: First, the facilitated analysis of long
hit lists to identify promising candidates for further analysis is achieved by integra-
tion and combination of various sequence-based computational tools and data from
functional databases in the pre-processing module. Regions of the protein sequences,
which exhibit remote homologies to structural domains that could be discovered by fold
recognition techniques, are automatically identiﬁed and analyzed. Second, the newly
developed post-processing tools facilitate and accelerate the evaluation of structural
and functional hypotheses: False positives from the threading result lists are removed
by applying the domain coverage ﬁlter and linking functional information. Analysis of
the possible true positives is greatly enhanced by the graphical overview of the Feature
Alignment Analyzer. With these two essential beneﬁts, fold recognition techniques are
now applicable to large-scale approaches.
StrAnno can be seen as a major step towards automatic functional annotation by
structure-based methods. Thus, it has an impact on characterization of proteins where
sequence-based methods are not able to detect a remote homolog. There are limita-
tions for a fully automated high-throughput application as a signiﬁcant improvement in
functional databases towards more detailed and structure-based information is needed
to advance in this direction. Thus, for structure-based functional annotation, StrAnno
provides beneﬁcial tools, but manual intervention is still needed to derive conﬁdent
structural and functional hypotheses.
The third goal of my thesis was the application of the developed methodology to
associate biological functions of human proteins and link the phenotype to molecular
function. I could establish an interesting hypothesis of the biological function of the
uncharacterized human protein c20orf43. c20orf43 might be a E3 SUMO-ligase that
could be involved either in DNA repair or rRNA regulatory processes. I could substan-
tiate the G2M arrest phenotype after RNAi knockdown of c20orf43. The experimental
characterisation of c20orf43 did not lead to conclusive results, thus I could not validate
the functional hypothesis.
For the second protein that I analyzed in detail, HJURP, I predicted a potential
link to ubiquitylation processes and direct DNA binding based on the conﬁdent struc-
tural hypotheses of two domains of HJURP. I could show a G1 arrest phenotype upon
knockdown.
For the Ska proteins, I could derive a potential molecular mechanism from my struc-
tural hypothesis of a GLEBS motif in c13orf3 (Ska3) that could explain the observed
phenotype. In addition, I discovered a KEN-box in Ska1 by linear motif search that
126
6.2 Outlook
provides a direct link of the Ska complex to an important protein complex of the spindle-
assembly checkpoint. Hence, I achieved my goal to link the phenotype to the molecular
function.
Taken together, I could derive interesting hypotheses of biological functions based on
high conﬁdence structural predictions. Most of the structural domains that I predicted
are of very low sequence identity (10-20%) to the template structures, which shows
the importance of the application of threading techniques. My approach revealed these
remote homologies that represent a valuable starting point for further characterization.
Fold recognition methods are a promising alternative for functional annotation of
proteins that escape sequence-based annotation due to their low sequence identity to
well-characterized protein families. The structural and functional hypotheses I estab-
lished in my thesis open the door to investigate the molecular mechanisms of previously
uncharacterized proteins, which may provide new insights into cellular mechanisms.
More speciﬁc experimental approaches to gain deeper insight in the molecular function
are facilitated by knowledge of the 3-dimensional structure.
6.2 Outlook
The results that I obtained in my PhD thesis particularly encourage to perform detailed
experimental characterization of the presented functional hypotheses.
In addition, my results also promote further development of the methodology.
Structure-based methods provide a good alternative to detect remote homologs and,
as I could show in this work, are even more powerful in combination with other com-
putational tools and experimental data.
Better curated and more detailed functional information in public databases is es-
sential to develop better post-processing tools. Further progress in automation of the
methodology depends on the development of functional 3-dimensional descriptors for
structural evaluation. Furthermore, one could beneﬁt from integration of additional
high-throughput datasets, e.g. protein-protein interaction data, into StrAnno.
Not only the methodology could be further improved, but also the application of
StrAnno to other large-scale datasets (e.g. other genome-wide RNAi screenings) is de-
sirable. The discovery of the molecular function of other uncharacterized genes will then
be accelerated and ﬁnally lead to a thorough understanding of all molecular processes
that build up and regulate the processes of living organisms.
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